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Insect disturbances play a key role for forest ecosystem dynamics by creating heterogeneous forest
landscapes that are resilient to various changes, such as those caused by climate change. Insect
disturbances are also important for the timber industry by reducing yields and wood quality
during major outbreaks. Despite the ecological and economic importance of insect disturbances,
the outbreak dynamics of defoliating insects of the coniferous forests of western North America – in
particular by the western spruce budworm Choristoneura occidentalis – are yet poorly understood.
This is partly caused by a lack of suitable methods for quantifying landscape to regional scale
outbreak patterns. Remote sensing, which delivers a spatially and temporally explicit view on
the Earth’s surface properties, can help overcoming this challenge. Consequently, the overall goal
of this dissertation was to increase the understanding of landscape to regional scale patterns and
processes of insect defoliator disturbances in the coniferous forests of western North America with
the help of Landsat remote sensing. Precisely, the research questions of my dissertation were: (1)
How can Landsat remote sensing be used to map and quantify insect defoliator outbreaks? (2)
What are the spatiotemporal patterns and processes of outbreaks of western spruce budworm in
the coniferous forests of western North America? Using the current outbreak in British Columbia
as example, I showed that Landsat time series can be used to map and quantify the spatial and
temporal patterns of budworm infestation at the landscape and regional scale. In particular, I
showed that the spectral patterns found for insect defoliation are significantly different from those
found for other forest disturbances, such as harvest, fire, and bark beetle infestation. Using the
Landsat-based maps, I developed a multi-level modeling framework to explain the spatial and
temporal outbreak dynamics of western spruce budworm. The spatial and temporal outbreak
dynamics of western spruce budworm were mainly driven by moth dispersal, host abundance at
the landscape scale, by stand structure and species composition, and by regional-scale precipitation
patterns. In addition, I found that those processes interacted within and across scales. While those
results are in overall agreement with studies of historic outbreaks and other insect species, this
study is the first to quantify those processes using spatially explicit data over a large extent and for
the western spruce budworm. Concluding from my results, it is suggested that outbreak patterns of
forest insect defoliation in the coniferous forests of western North America are governed by factors
that go beyond stand level management. Forest management thus should consider those factors in




Herbivore und xylophage Insekten spielen eine bedeutende Rolle im Erhalt von Waldo¨kosystemen
und sta¨rken deren Resilienz gegenu¨ber Umweltvera¨nderungen wie etwa dem globalen Klimawan-
del. Insektenscha¨den haben auch eine o¨konomische Bedeutung, da sie die Holzmenge und Holz-
qualita¨t negativ beeinflussen. Obwohl die o¨kologische sowie o¨konomische Bedeutung von Insekten
bekannt ist, gibt es bisher wenig Forschung zu den Dynamiken von herbivoren Insekten in der
nord-west amerikanischen Nadelholzzone, speziell durch die Art Choristoneura occidentalis. Der
Mangel an Studien kann auf ein Fehlen von geeigneten Methoden zur Quantifizierung von Insek-
tenausbru¨chen auf der Landschafts- und Regionalskala zuru¨ckgefu¨hrt werden. Die Nutzung von
Fernerkundung vermag diese Wissenslu¨cke zu schließen. Das u¨bergeordnete Ziel dieser Disserta-
tion ist daher, anhand von Fernerkundung ein besseres Versta¨ndnis der raumzeitlichen Muster
von Insektenausbru¨chen in der nord-west amerikanischen Nadelholzzone zu erlangen. Die spezifi-
schen Forschungsfragen der Dissertation sind: (1) Inwieweit kann Fernerkundung die Kartierung
und Quantifizierung von Insektenausbru¨chen, insbesondere durch Herbivoren, unterstu¨tzen? (2)
Was sind die raumzeitlichen Muster und Prozesse von Ausbru¨chen des Choristoneura occiden-
talis in der nord-west amerikanischen Nadelholzzone? Es konnte gezeigt werden, dass Ferner-
kundung, speziell mit der Landsat Sensorfamilie, ein geeigneter Weg ist um die raumzeitlichen
Muster von Insektenausbru¨chen zu rekonstruieren. Dabei ist besonders hervorzuheben, dass sich
die spektral-temporalen Charakteristika von Insektenherbivorie deutlich von denen sta¨rker aus-
gepra¨gter Sto¨rungen (Kahlschlag, Feuer, Borkenka¨fer) abhoben. Anhand dieser Erkenntnis war
es mo¨glich, die raumzeitlichen Muster des letzten Choristoneura occidentalis Ausbruchs in Bri-
tisch Kolumbien, Kanada, zu rekonstruieren. Mit Hilfe eines multi-level Modellansatzes konnten
die hauptsa¨chlichen Triebkra¨fte hinter diesen raumzeitlichen Mustern erkla¨rt werden. So zeigte
sich, dass die Dynamiken hauptsa¨chlich durch Ausbreitung adulter Motten, eine hohe Abundanz
von Wirtsba¨umen (Pseudotsuga spp.) in der Landschaft, regionale Niederschlagsmustern, sowie
deren Interaktion erkla¨rt werden konnten. Standfaktoren spielten eine untergeordnete Rolle. Diese
Ergebnisse sind im Einklang mit Studien zu anderen Gattungen und Arten und mit historischen
Studien, zeigen diese Prozesse aber erstmals fu¨r Choristoneura occidentalis sowie in einer ra¨umlich
expliziten Untersuchung. Aus den Ergebnissen kann geschlossen werden, dass Ausbru¨che herbivorer
Insekten in der nord-west amerikanischen Nadelholzzone durch Prozesse, welche u¨ber ein Manage-
ment auf Standesebene hinausgehen, bestimmt werden. Ein nachhaltiges Waldmanagement sollte
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1.1 Forest ecosystems and disturbance dynamics
Forests cover approximately 40% of the Earth’s ice-free land surface (Hansen et al.,
2013). Forests harbor a large proportion of global biodiversity (Myers et al., 2000),
they are the largest terrestrial sink of carbon (Pan et al., 2011), and they provide
important services to humans such as food and timber supply (Food and of the
United Nations, 2014). As such, forests are of global importance for humanity (Car-
dinale et al., 2012). A forest ecosystem includes all living organisms of a forest,
reaching from the root system to the upper canopy (Waring and Running, 2007).
All organisms within a forest ecosystem (plants, animals, and microorganisms) in-
teract with each other and with their environment, in particular with the soil, atmo-
sphere, and water systems (Kimmins, 2004). Those interactions are called ecosystem
processes, which describe the fluxes of material and energy between varying pools
within a forest ecosystem. Understanding those ecosystem processes is a crucial goal
of many scientific disciplines, in particular of the field of ecosystem science (Turner,
2005; Wu and Hobbs, 2002).
Forest ecosystems and their underlying ecosystem processes range across spatial
scales (Turner, 1989). The consideration of spatial scale is a fundamental concept
in studying forest ecosystems. For example, on a global scale we might delineate a
distinct forest ecosystem based on global scale processes such as global precipitation
and temperature patterns (e.g., the boreal forest). However, we can ’zoom’ into
this ecosystem just to see that it is made up of an arrangement of smaller scale
ecosystems, which are driven by regional scale processes such as the continentality
of a region (e.g., deciduous versus evergreen taiga). Those regional scale processes
again manifest into smaller scale processes, example given, the landscape scale dis-
tribution of precipitation – and thus tree species – along elevation gradients. Again,
we can disassemble those landscape-scale processes into smaller processes operating
at the stand scale (e.g., variation in hardwood composition due to variation in soil
water content), the tree scale (e.g., varying diameter at breast height due to higher
availability of light), and so on.
Forests ecosystems and ecosystem processes also range in time, meaning that
they are dynamic systems and undergo a continuous change of state (Waring and
Running, 2007). While leaves of deciduous trees change within one year, a stand is
growing over decades, and the global forest ecosystems as we know them today have
resembled over thousands of years. Forest ecosystem change is determined by two
basic elements: disturbance and succession (Franklin et al., 2002). In ecology, dis-
turbances are defined as (White and Pickett, 1985): ”Any relatively discrete event
that disrupts the structure of an ecosystem, community, or population, and changes
resource availability of the physical environment.” Thus, a forest disturbance rep-
resents an event that in some way disrupts the properties and characteristics of a
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forest. Succession, in turn, describes the process of recovery and regeneration after
disturbance. Natural forest disturbances include wildfires, floods, hurricanes, blow-
downs, insect infestations, avalanches, among others. Those disturbances can be
classified by their origin, being either biotic (e.g., insect infestation) or abiotic (e.g.,
fire), by their duration (e.g., a windstorms typically last one day while a volcanic
eruption might last over months), and by their magnitude (e.g., a fire can be stand-
replacing or just burn understory vegetation). Natural forest disturbances cause
mortality among older or weakened trees, resulting in increased availability of light
and nutrition to younger trees establishing in the understory (e.g., natural regener-
ation of pine Pinus contorta after mortality caused by bark beetles; Axelson et al.,
2009), or giving room to pioneer species that are well-adapted to post-disturbance
environments (e.g., post-fire establishment of aspen Populus tremuloides ; Turner
et al., 2003). If a landscape experiences disturbances of similar characteristics over
a longer period, the landscape itself will be characterized by those disturbances.
In this case, ecologists refer to the term disturbance regime, which is characterized
by the spatial distribution, the frequency, the intensity, and other characteristics
of disturbances occurring in this particular landscape (Turner, 2010). Disturbance
regimes lead to distinct landscapes patterns, that is to a distinct spatial distribu-
tion of patches within the landscape. For example, frequent fires in the interior of
North-West America have created a forest landscape dominated by seral or pioneer-
ing coniferous species with only some forests patches reaching old ages (Parker et al.,
2006). The spatial distribution of patches determines the structure of a landscape,
with structure being a product of landscape composition and configuration. Land-
scape composition describes the abundance of certain patches within the landscape
(e.g., the amount of hardwoods within a watershed), whereas landscape configu-
ration describes the spatial arrangement of patches (e.g., whether hardwoods are
mixed with coniferous or if they occur in one large patch). Numerous studies have
evaluated the impact of disturbances on landscape structure and, vice versa, the ef-
fects of landscape structure on disturbances. For example, it was found that insect
disturbances can substantially change the fragmentation of forest landscapes (Coops
et al., 2010), or that the amount of edges within a landscape increases the risk of
blowdown during storms (Mitchell et al., 2001). Summing up, natural disturbances
are integrated and important component of forest ecosystems, which help main-
taining the important services that forests provide to humanity. However, human
alterations can fundamentally change those systems.
Humans have altered forest ecosystems for centuries in order to obtain wood
for construction, shelter, tool making, and fuel (Meyer and BL Turner, 1994). Al-
terations of forest ecosystems can either be in the form of converting forest land
into non-forest land (e.g., conversion of forests to agricultural or urban areas), or
4
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in the form of modifying the forests biogeophysical and biogeochemical properties.
For example, fire suppression in lodgepole-pine dominated ecosystems has led to
homogeneous landscapes of mature stands, which have substantially changed the
underlying ecosystem processes. In particular, the high availability of mature pines
– in conjunction with a series of mild winters – has led to widespread outbreak of
mountain pine beetle in coniferous forests of Western North America (Negron and
Popp, 2004). Hence, by changing one entity of the forest ecosystem – the spatial
composition and configuration of mature lodgepole pine stands – the whole forest
ecosystem has undergone substantial changes. Another example is the increase in
blowdown disturbances in European forests due to changes in species composition
(i.e., pure plantations of spruce Picea ssp Lindroth et al., 2009) or the increase
in fires severity due to increased fuel in managed stands in the Rocky Mountains
(Bigler et al., 2005). Moreover, human use of forests also can be seen as disturbance
itself. For example, the harvest of forests substantially changes the structure of
forest landscapes (Healey et al., 2008; Radeloff et al., 2000) and can thus result in a
human-dominated disturbance regime (Noble and Dirzo, 1997). To encounter those
shifts towards human-dominated disturbance regimes, management actions try to
mimic natural disturbances (Long, 2009). However, those management techniques
often oppose the simple goal of maximizing annual yields (Burton, 2010).
While management and use of forest ecosystems can be seen as direct modifi-
cation of the ecosystems properties, humans also alter other systems that interact
with the forest ecosystem, in particular the atmosphere, soil, and water systems
(Trumbore et al., 2015). The most prominent and probably most dramatic alter-
ation for forest ecosystems is climate change (Stocker, 2014). Climate change can
shift the distribution of tree species and thus of forest ecosystems, on the one hand,
and change disturbance dynamics and thus disturbance regimes, on the other (Dale
et al., 2001b). Changing climate patterns, especially changing drought patterns,
affect several disturbances agents (Allen et al., 2015). In particular, several studies
found that fire frequency, severity, and extent can be expected to change under cur-
rent climate change (Gauthier et al., 2015). Moreover, it was found that drought
stress and drought-induced mortality have increased globally (Allen et al., 2010).
Likewise, bark beetles migrated into areas previously thought to be unsuitable due
to winter temperature restrictions (Bentz et al., 2010). Finally, blowdowns have in-
creased with increasing frequency and severity of storms (Seidl et al., 2011). Those
climate effects on disturbance dynamics are moreover often interrelated, adding to
their complexity (Dale et al., 2001b).
All already ongoing or predicted changes in the context of global environmental
change have substantial impacts on the services of forest ecosystems. Increasing
the frequency, extent, and severity of forest fires has substantial impacts on human
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life, property, and economy (Prestemon et al., 2006). Extensive forest mortality
from insects, drought, and other stressors can impair the economic value of forests,
water quality, cultural and spiritual values, and the recreational potential (Boyd
et al., 2013; Weed et al., 2013). The importance of forests as global carbon sink may
also be reduced by increasing forest disturbances (Kurz et al., 2008a,b). Finally, as
regime shifts might overtake the adaptive capacity of species relying on particular
disturbance regimes, human-induced alterations of forest ecosystems can impair the
ecosystems biodiversity (Schulze et al., 2014). In consequence, there is a great
need for understanding the complex processes and interactions of forest ecosystem
and human activity, allowing the development of adequate management strategies
that maintain the important services forests provide to humanity. While forest
disturbance can result from a variety of agents, this dissertation focusses on insect
disturbances, being among the most important agents of forest change in temperate
and boreal forest ecosystems (Dale et al., 2001a).
1.2 Insect disturbances
Disturbances by native insects are natural and integrated processes of forest ecosys-
tems around the globe. The forest insects commonly found in temperature and
boreal forest regimes can be broadly group into xylophagous (wood-feeding, includ-
ing bark, wood, and root) and folivorous (leaf-feeding) insects, among smaller groups
of mucivores (fluid-feeders) (Table 1.1; Hicke et al., 2012). Wood-feeding insects of
importance for temperate and boreal forests include several species of bark beetles,
such as the mountain pine beetle Dendroctonus ponderosae in North America or the
European spruce bark beetle Ips typographus in Europe. Bark beetles reproduce in
the phloem tissues of live and dead trees and – through introduction of several fungal
pathogens – clog the phloem, which limits the translocation of water and nutrients
through the tree. Bark beetle infestation thus can be mortal for living trees. Leaf-
feeding (defoliating) insects, such as of the genus Choristoneura in North America
or the gypsy moth Lymantria dispar in Europe, feed on the needles or leaves of
trees. As such, defoliators do not directly affect the trees water and nutrient cycles,
though they impact the trees capacity for performing photosynthesis, which can lead
to growth reduction, deformation, and tree mortality (Cooke et al., 2007).
Insect disturbances have several impacts on the forest ecosystem processes and
services, in particular on the ecosystem biodiversity, the ecosystems biogeophysical
and biogeochemical cycles, and the economic value of forest. From a biodiversity
perspective, insect disturbances create a variety of biological legacies, including in-
tact thickets of understory vegetation, large dead and alive overstory trees, logs and
snags, and coarse wood debris, which all together provide valuable habitat for a va-
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Table 1.1: Forest insect species that cause major disturbances in North America
(adapted from (Hicke et al., 2012)
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Broadleaf species in North
America
Native
Early 2000s: 2.8 Mha in central





Ongoing and expanding in 17
states in eastern U.S.
Wood borers
Emerald ash borer (Agrilus
planipennis Fairmaire)
Ash (Fraxinus) Invasive









15% of fine root biomass of
northern hardwood forests in
upper Midwestern United States
consumed annually
riety of cavity-nesting, shrub-nesting, and bark-drilling species (Saab et al., 2014).
Moreover, insect disturbances can change forest successional pathways, transform-
ing even-aged stands shaped by stand-replacing fires or harvest into more complex,
multi-aged stands, which might positively influence landscape heterogeneity and bio-
diversity (Burton, 2010). As such, insect disturbances play a key role in maintaining
biodiversity in forest ecosystems (Muller et al., 2008).
The changes caused by forest insects at the stand and landscape scale also im-
pact biogeophysical and biogeochemical cycles and related ecosystem services (Ed-
burg et al., 2012). Those impacts include changes in the water, carbon, and nutri-
ent cycling, as well as impacts on the energy budget and micro-climate of forests.
For example, insect disturbances can decrease the leave area of a forest, which in
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turn is changing the forests transpiration, evaporation, and soil moisture content
(Morehouse et al., 2008). Widespread infestation and mortality from insect distur-
bances can consequently impair important ecosystem services associated with water
supply (Bearup et al., 2014). Likewise, insect infestation also changes the forests’
carbon and nitrogen cycling through affecting the amount of live, dead, and decay-
ing biomass (Hicke et al., 2012). Insect disturbances thus play a crucial role for
the ecosystem services associated with carbon sequestration (Kurz et al., 2008a).
In particular, insect infestation can shift forest resources from a net sink to a net
source if experiencing widespread outbreaks of forest insects (Dymond et al., 2010;
Kurz et al., 2008b).
Outbreaks of bark beetles and defoliators also have several negative economic
consequences. The costs to manage and mitigate recent outbreaks of several bark
beetle and defoliator species in the US have accumulate to over 1,500,000,000 US
dollar annually, which is five times the costs of wildfire (Dale et al., 2001a). The wood
volume lost due to forest insect infestation in Canada is close to that from harvest
and greatly exceeded that from fire (Fleming, 2000). Insect disturbances are thus of
economic importance for the timber industry and can have sensible impacts on local
to regional economies (Burton, 2010). Salvage logging is a common management
strategy to recover timber losses from insect infestation, which, however, has several
negative effects on the biodiversity, functioning, and services of a forest ecosystem
(Lindenmayer and Noss, 2006). Thus, a better understanding of insect disturbances
is of great important for resource managers, which need to balance the multiple
services forests provide.
Insect disturbances are dynamic, meaning that they vary throughout space and
time. The majority of the forest insect species found in temperate and boreal forests
show an eruptive behaviour, that is their population densities oscillate over time
(Hicke et al., 2012, see Table 1.1 for a summary of the most recent major insect
outbreaks in North America). The question whether an insect population reaches
outbreak levels depends on many factors at varying spatial scales (Raffa et al., 2008).
In particular, several thresholds need to be passed in order to develop landscape to
regional scale outbreaks (Fig. 1.1). Between outbreaks, the insects are present at
low population densities in the so-called endemic state. During this endemic state,
insects will only sporadically infest single trees or tree groups throughout their host
range (host entry threshold; Fig. 1.1). The actual selection of trees for attack is
determined by tree scale traits and physiological factors (Negron and Popp, 2004),
by previous infestation, drought, or diseases that weaken the trees defensive system
(Allen et al., 2015), and by insect behaviour, that is which tree is chosen for ovipo-
sition (Progar et al., 2014). After selecting a tree, insect individuals will success-
fully reproduce (reproduction threshold; Fig. 1.1), depending on tree physiology and
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traits (e.g., phenology; Nealis and Regniere, 2014), the density of local populations
(Nealis et al., 2009), and climate conditions (Nealis, 2012). If reproduction rates
exceed mortality rates (i.e. from starvation and predation), the local population
will increase in size, successfully infesting trees in the near surrounding (Robertson
et al., 2007). At this point, the incipient epidemic state is entered, resulting in infes-
tations of larger, spatially auto-correlated patches (Aukema et al., 2006). Whether
insects successfully infest larger patches depends on several factors. This includes
the availability and quality of hosts within close proximity (i.e., stand-scale char-
acteristics; Klutsch et al., 2009), the density of the insect population, and several
external controls, in particular if and how the stand is managed, example given
by application of pesticides. Once those stand scale thresholds have been passed,
infestation patches will increase in size and coalesce to form larger patches of infes-
tation (landscape scale outbreak threshold; Fig. 1.1) and the outbreak enters the
epidemic state. However, not the entire landscape will be infested, resulting in a mo-
saic of infested and un-infested patches, where spatial distribution is determined by
insect dispersal (Anderson and Sturtevant, 2011), availability, quality, and hetero-
geneity/connectivity of the habitat at the landscape scale (Seidl et al., 2015; Simard
et al., 2012), as well as on (topographic) barriers (Robertson et al., 2009). Un-
der normal conditions, epidemic populations collapse at some point in time, either
triggered by climate conditions or by decline in food resources (Flower et al., 2014;
Wulder et al., 2006a), leading to the collapse of the outbreak. However, if climate
conditions stay favourable and if – at the landscape scale – hosts are abundant and
connected, landscape scale outbreaks can collapse into a regional scale outbreak (re-
gional scale outbreak threshold; Fig. 1.1). To form a regional scale outbreak, there
must be several synchronous eruptions of landscape scale outbreaks, which often is
a result of synchronization of climate conditions (Flower et al., 2014; Haynes et al.,
2013; Seidl et al., 2015) and long-term insect dispersal (Anderson and Sturtevant,
2011; Haynes et al., 2013). Thus, understanding – and subsequently predicting –
insect outbreak dynamics requires consideration of factors across several magnitudes
of scales (Seidl et al., 2011; Sturtevant et al., 2015). In particular, the thresholds
associated with the transition from a stand to landscape scale, and from a landscape
to regional scale outbreak must be well understood in order to develop management
strategies that efficiently reduce the risk of outbreaks with significant ecological and
economic impacts (Raffa et al., 2008).
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Figure 1.1: Schematic representation of thresholds that need to be passed to form a
landscape to regional scale insect outbreak, including internal and external controls
of thresholds. Internal and external controls interact across scales. One asterisk (*)
indicates indirect anthropogenic influence on external control. Two asterisks (**)
indicate direct anthropogenic influence on external controls. The figure is adapted
from Raffa et al. (2008).
1.3 Budworm disturbances in the coniferous forests
of western North America
Even though insect infestation is a global phenomenon that is found throughout
all biomes, this dissertation focusses on temperate coniferous forests, in particular
on Douglas-fir (Pseudotsuga spp.) dominated forest of western North America.
Douglas-fir is one of the most important and valuable timber trees and it has been
a major component of the forests of western North America (Franklin et al., 1981).
The latitudinal range of Douglas-fir is among the greatest of any conifer of North
America. It is endemic between 19◦ and 55◦ north (Fig. 1.2b). From the coast of
British Columbia and Vancouver Island, Canada, the habitat extends south along
the Pacific Coast Ranges of the U.S. for about 2,200 km, representing the range of
the coastal variety, menziesii. From the interior of British Columbia, an even larger
habitat stretches along the Rocky Mountains into the mountains of central Mexico,
covering a distance of nearly 4,500 km and comprising the range of the other variety,
glauca or blue Douglas-fir.
A representative of the interior Douglas-fir forests of western North America is
the Interior Douglas-fir Forest (IDF) zone of British Columbia (Hope et al., 1991,
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Figure 1.2: The main map (a) shows the Interior Douglas-fir Forest zone (IDF),
which is the study region of the dissertation. The IDF is located in British Columbia,
Canada, and represents the northern end of the Douglas-fir habitat (b). The abbre-
viations in the main map indicate the biogeoclimatic subzones of the IDF (please
see Table 1.2 for further information).
Fig. 1.2a). The IDF zone is located in the interior plateau and mountains of British
Columbia (between 49◦ and 53◦ North) and set between the Coastal Mountains to
the west, the Cascade Mountains to the south, and the Rocky Mountains to the
east. The topography of the IDF is composed of gently rolling hills and large valleys
(i.e., along the Columbia, Fraser, and Thompson rivers), with elevations ranging
between 600 and 1,450 m. The IDF has a continental climate characterized by
warm and dry summers, a fairly long growing season, and cold winters. The main
factors controlling the climate are the Coastal and Cascade Mountains, resulting
in substantial shadowing effects to the prevailing easterly flowing air. The mean
annual temperature is 1.6 to 9.5 ◦C, with 2 to 5 months of average temperatures
below 0 ◦C, and 3 to 5 months of average temperatures above 10 ◦C. The mean
annual precipitation ranges from 300 to 750 mm, except in the wettest areas where
precipitation exceeds 1,000 mm, and up to 50% of the precipitation falls as snow
during winter (all values from Hope et al., 1991). Substantial growing season mois-
ture deficits are common in the region (Overpeck and Udall, 2010) and night frosts
can occur at any time. The IDF is furthermore subdivided into seven biogeoclimatic
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subzones (Pojar et al., 1987, Table 1.2 and Fig. 1.2a), which characterize the IDF’s
local climatic variants according to their relative temperature and moisture regime.
While the IDF is generally considered dry (subzone dw, dm, dk, and dc), the valleys
are usually extreme dry (subzone xm, xw, xc, xh, and xk). Moist to wet climates are
found only in the Coastal Mountains and in the Rocky Mountains (subzone ww and
mw). The southern dry valleys are warm to hot (subzones xw and xh), while the
northern dry valleys are more mild to cold (subzones xm and dk). Very cool regions
are only found in the Coastal Mountains (subzones dc and xc).
Table 1.2: Biogeoclimatic subzones of the Interior Douglas-fir Forest zone with main
climate characteristics and relative distribution.
Subzone Description Mean temperature in ◦C Mean precipitation in mm (as snow in %) Percent of IDF (%)
xc very dry cool 2.5 557 (44) 10
xk very dry cold 2.5 579 (45) 7
xm very dry mild 4.5 429 (30) 3
xw very dry warm 5.5 370 (25) 2
xh very dry hot 6.6 404 (24) 15
dc dry cool 2.6 822 (50) 6
dk dry cold 3.7 497 (35) 30
dm dry mild 3.7 691 (41) 11
dw dry warm 4 573 (34) 4
mw moist warm 5 788 (37) 11
ww wet warm 7.2 870 (25) 1
The vegetation of the IDF is characterized by stands of mature blue Douglas-fir
(Pseudotsuga menziesii (Mirb.) Franco) at elevations between 900 and 1,200 m,
mixed stands of blue Douglas-fir and ponderosa pine (Pinus ponderosa Douglas ex
C. Lawson) at elevations between 600 and 900 m, as well as mixed stands of blue
Douglas-fir and lodgepole pine (Pinus contorta Douglas ex Loudon) at elevations
between 1,200 and 1,450 m. Pure Douglas-fir stands often have an open canopy, due
to common ground fires in the past that favoured survival of mature trees with thick
bark. The low elevation valleys are largely non-treed and covered by bunchgrass or
by open stands of ponderosa pine. Trembling aspen and paper birch are also widely
abundant as seral species or along wetter areas. The IDF borders the Montane
Spruce zone at higher elevations, which is characterized by extensive seral stands
of lodgepole pine. To the north, the IDF transitions into the Sub-Boreal Pine and
Spruce and the Sub-Boreal Spruce zone. The Sub-Boreal Pine zone is dominated
by extensive seral stands of lodgepole pine, whereas the Sub-Boreal Spruce zone is
dominated by white spruce (Picea glauca (Moench) Voss) and Engelmann spruce
(Picea engelmannii Parry ex. Engelmann).
The IDF experienced a complex disturbance history with low intensity ground
fires and insect defoliation, in particular by the western spruce budworm (Cho-
ristoneura freemani Razowski = Choristoneura occidentalis Free.1) (Alfaro et al.,
1Note that the binomial name for western spruce budworm has changed from Choristoneura
occidentalis Freeman to Choristoneura freemani Razowski during the writing of the thesis.
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2014; Axelson et al., 2015). Western spruce budworm is a defoliator native to western
North America, with populations being found from New Mexico to British Columbia
(Nealis, 2008). The primary host of western spruce budworm is Douglas-fir and true
fir, but trees from other families, such as spruce, hemlock and pine might be affected
if growing on site (Maclauchlan et al., 2006). Western spruce budworms complete
one life cycle from egg to adult moth within 12 months. Moths emerge from pupa
cases between July and August. After maturation, females deposit approximately
150 eggs on the underside of host tree needles. Larvae hatch from the eggs after
10 days and spin hibernacula for overwintering under bark scales or in and among
lichens. In May to June, depending on climatic variations, larvae leave their hiber-
nacula and start mining on one-year old needles or closed buds. As soon as shoots
flush, they start mining the new foliage until completely consumed. Larvae become
fully grown in July, on average 30 to 40 days after leaving their overwintering sites,
and pupate for about 10 days on or near their last feeding site.
Western spruce budworm populations normally occur at low levels, but popu-
lations periodically increase to outbreak levels (Cooke et al., 2007). Outbreaks of
western spruce budworm can lead to widespread defoliation from a few to up to
25 years (Campbell et al., 2006; Campbell, 1993). Common damages from western
spruce budworm outbreaks are growth defects, reduced lumber quality, and tree
mortality (Alfaro et al., 1982, 1985; Shepherd, 1994). Growth defects negatively af-
fect wood supply by reducing timber volume (MacLean et al., 2001), with long-term
losses exceeding 50% of the potential stand volume (Alfaro and Maclauchlan, 1992).
Tree mortality, which occurs after several consecutive years of defoliation and of-
ten in conjunction with secondary bark beetle (Hummel and Agee, 2003; Shepherd,
1994), alters the age-class distribution and species composition of forest stands,
having significant influences on the stands successional pathway (Hadley and Ve-
blen, 1993). Western spruce budworm thus is a significant disturbance agent of the
Douglas-fir forests of western North America (Hicke et al., 2012; Meigs et al., 2015).
Despite a large body of research investigating spatiotemporal outbreak dynam-
ics of bark beetle species (Seidl et al., 2015; Simard et al., 2012) and defoliators of
broadleaved and coniferous forests of eastern and boreal North America (Bouchard
and Auger, 2013; Foster et al., 2013b), surprisingly little is known about the dynam-
ics of defoliators of the coniferous forests of western North America (i.e., western
spruce budworm). In particular, there is little information beyond that of labo-
ratory or field experiments (e.g., Nealis, 2012; Nealis et al., 2009), involving only
single individuals and few selected trees. While much process understanding results
from those controlled experiments, we have seen earlier that landscape to regional
scale outbreaks – as observed during the past decades (Hicke et al., 2012; Meigs
et al., 2015) – are governed by processes across multiple scales. Fully understanding
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outbreaks of western spruce budworm thus requires a more holistic, multi-scale view
on insect disturbance patterns and processes. A reason for the lack of studies on
landscape to regional scale patterns and processes of defoliator outbreaks in western
North America might be the lack of adequate data for tackling such questions. One
approach to fill this gap is the use of remote sensing data, which delivers spatially
and temporally consistent information on the Earth’s surface.
1.4 Remote sensing in ecosystem science
Remote sensing has a long history in the mapping and monitoring of ecosystems
and ecosystem processes. While very early studies of ecosystem properties using
remote sensing were primarily based on airborne data (Campbell and Wynne, 2011),
the launch of the first Multispectral Scanner System (MSS) on board Landsat 1
(formerly Earth Resources Technology Satellite) in 1972 opened a new era of space-
born remote sensing. With MSS, a consistent set of medium-resolution (60 m),
multi-spectral (four bands) image data that covered large spatial extents (185 km
by 185 km) was available to the scientific community. In particular, researchers
were – for the first time ever – able to systematically monitor the biogeophysical
and biogeochemical conditions of ecosystems across the Earth (Pecora, 1967). That
way, Landsat MSS delivered a great set of maps, including land cover maps (Nelson
et al., 1987) and forest cover and type maps (Jarvis, 1994), that were well suited for
tackling research questions going beyond the plot and stand scale.
Following MSS, there has been an intensive development of new satellite sensors,
which cover all regions of the electromagnetic spectrum as well as a range of spatial
and temporal resolutions. In particular, the Thematic Mapper (TM) onboard Land-
sat 4 (1982 – 1993) and Landsat 5 (1984 – 2012) had an improved spatial resolution
of 30 m and six multi-spectral bands plus one thermal band at 120 m spatial resolu-
tion. Beginning with Landsat 6 (1993) and followed by Landsat 7 (1999 – ongoing),
the sensor instruments were again improved to the Enhanced Thematic Mapper
(ETM; Landsat 6) and the Enhanced Thematic Mapper Plus (ETM+; Landsat 7).
While Landsat 6 never reached its orbit, the ETM+ instrument onboard Landsat 7
had an additional 15 m resolution panchromatic band and the thermal bands spatial
resolution was improved to 60 m. However, in 2003 the ETM+ Scan Line Corrector
(SLC) failed, resulting in a substantial loss of valid observations per image. In 2013,
Landsat 8 was launched with two new instruments onboard: The Operational Land
Imager (OLI) and the Thermal Infrared Sensor (TIRS). OLI has one additional
spectral band in the blue wavelength region, as well as an additional cirrus band for
cloud detections. TIRS has two thermal infrared bands at 100 m spatial resolution.
Besides Landsat, there exists a wide range of alternative multi-spectral, medium-
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resolution sensors (Belward and Skøien, 2015; Wulder et al., 2008). However, most
of those sensors are part of governmental programs and have restricted or costly
data access. The newest development in terms of multi-spectral sensors is Sentinel-
2, which was developed by the European Space Agency (ESA) and launched in June
2015. Sentinel-2 has similar spectral characteristics like OLI, though a higher spatial
(10 m in visible and 20 m in near- and shortwave-infrared bands) and temporal (up
to five days) resolution.
To meet the needs of other scientific communities, that is the climate, oceano-
graphic, and cryospheric science communities, a new set of sensors was launched
in 1999 and 2000, respectively, named the MODerate-resolution Imaging Spectro-
radiometer (MODIS) sensor onboard the Terra and Aqua satellites. MODIS was
planned as successor of Advanced Very High Resolution Radiometer (AVHRR) se-
ries of satellites. MODIS is sensing the Earth’s surface every 1 to 2 days with a
spatial resolution of 500 to 1,000 m covering a swath width of 2,330 km at 36 spec-
tral bands. MODIS was developed to improve the understanding of global dynamics
and processes occurring on the land, in the oceans, and in the lower atmosphere, es-
pecially through its high temporal resolution that allowed for tracking intra-annual
variation in photosynthetic activity (Zhang et al., 2003). The ready-to-use struc-
ture of its data products made MODIS the first choice for ecosystem modelers. In
particular, MODIS delivered regular interval (8 or 16 days) composites of standard
vegetation indices and bidirectional reflectance distribution function corrected sur-
face reflectance products that were accompanied by easy-to-use quality products.
Moreover, MODIS delivered annual products such as land cover maps (Garcia-Mora
et al., 2012) or phenological metrics (Jonsson and Eklundh, 2002). Researchers re-
lying on remote sensing data as input to ecosystem models (e.g., carbon models;
Potter et al., 2007) could thus use a standardized product at minimum processing
costs and that is available on a very regular basis.
Besides Landsat and MODIS, remote sensing scientists working in the field of
ecosystem science often made use of space- and air-borne high-resolution and very-
high-resolution multi- and hyper-spectral sensors, as well as active sensors, in partic-
ular Light Detection And Ranging (LiDAR). High- and very-high-resolution sensors
(<10 and <1 m spatial resolution, respectively; e.g., RadpidEye or IKONOS) pro-
vide detailed information on vegetation structure and single trees, though their ap-
plicability is limited by their often small spatial extents and high acquisition costs
(Wulder et al., 2004). Nonetheless, they can provide important and rapid infor-
mation to managers on processes in specific regions of interest (Falkowski et al.,
2009; White, 2012). Space-borne high-resolution data can also help in generating
reference data for up-scaling of field data to medium and coarse resolution satellite
data (Meddens et al., 2011, 2013). Hyperspectral sensors provide a spectrally more
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detailed picture of the Earth’s surface characteristics than multi-spectral sensors
and the high spectral resolution offers great opportunity for mapping ecological pro-
cesses that go beyond the general characterization of vegetation structure, example
given the leaf chemistry of plants (Smith et al., 2003) or vegetation communities
(Underwood et al., 2003). LiDAR – an active laser sensor – delivers spatially high
resolution information on the height, vertical structure, and coverage of vegetation,
which can be used to estimate various structural parameters (Bolton et al., 2013).
In particular, LiDAR is the ’gold standard’ for mapping vegetation biomass (Pflug-
macher et al., 2014), an ecosystem property of great interest to many scientists and
managers.
The three types of sensors introduced in the previous paragraphs – high, medium,
and low spatial resolution sensors with multi- to hyper-spectral resolution – have par-
ticular weaknesses and strength when it comes to mapping and monitoring ecosystem
properties and processes. In particular, there is a trade-off between spatial resolution
(the spatial grain of ecological analysis) and the temporal resolution (the effective
temporal frequency of an observation; Fig. 1.3a). Very-high- and high-resolution
sensors allow for a detailed spatial analysis of single trees or plants. However, those
images often come from air-borne sensors or commercial satellite programs that have
a very low repeat cycle and high acquisition costs, respectively. With data from the
Landsat satellite series, the spatial grain of analysis decreases to 30 m and the re-
peat cycle increases to potentially 8 days (combining Landsat 5 and 7 or 7 and 8).
However, most regions have not been continuously imaged every 16 days, because
Landsat data acquisition follows the Long-term Data Acquisition Plan (LTAP),
which gives priority to scenes over the continental US (Arvidson et al., 2006). Fur-
ther considering cloud cover and Landsat 7’s failed scan-line corrector, the effective
temporal resolution is often much greater than 16 days (Ju and Roy, 2008). With
MODIS, the spatial grain of analysis again decreases to 500 to 1,000 m, but there
is potential daily imagery, though due to clouds the effective repeat cycle is 8 to 16
days, depending on the MODIS product.
Depending on the application, one or the other sensor might be a better choice
(Fig. 1.3b). For example, agricultural processes cover very short time spans (rapid
green-up in spring and harvest in summer), requiring a much higher temporal fre-
quency than studies of drought processes, which often last over several years. Hence,
a weakly MODIS time series might be necessary for delivering detailed intra-annual
information on crop phenology (Sakamoto et al., 2005), but an annually spaced
Landsat time series might be enough information for tracking vegetation changed
caused by droughts (Assal et al., 2016). While the temporal resolution required for
crop and drought monitoring is relatively well defined, the required spatial resolu-
tion depends on the system of interest. In particular, MODIS might be well suited
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for mapping large fields in intensively used areas (Ozdogan, 2010), though might fail
in areas of generally more fragmented and complex landscapes (Senf et al., 2015).
Some other processes are less restricted in temporal resolution than in spatial grain.
Harvest patches, for example, have often a very consistent size of a few hectares (in
the US and Canada), making it hard to detect them with MODIS (Jin and Sader,
2005), and using very high-resolution imagery is costly to acquire over large spatial
extents (Wulder et al., 2008). The temporal resolution required for mapping har-
vest depends on the study goals and can range from a few time steps (Kuemmerle
et al., 2009) to annual (Griffiths et al., 2012). Thus, the choice of satellite data for
studying ecosystems largely depends on the ecosystem and its ecosystem processes.
Nonetheless, there are several sensors that are used more often than others. In the
following, I will focus on the Landsat series of satellites, being the by far most im-
portant set of satellites for ecosystem science (Cohen and Goward, 2004; Kennedy
et al., 2014).
Figure 1.3: Trade-off between spatial and temporal resolution and associated sensors
(a) and applications/processes (b). The figure is taken from Kennedy et al. (2014).
The Landsat series of satellites are particularly useful for ecosystem science and
monitoring, mainly due to their spatial and temporal resolution and due to their
outstanding long time series of more than 40 years (Cohen and Goward, 2004; Wulder
et al., 2008). While past approaches incorporating Landsat often relied on single
images that had to be purchased at approximately 600 US-Dollars per image (Wulder
et al., 2012), a new data policy in 2008 has substantially changed the way Landsat
data – and earth observation data in general – are used in ecosystem science and
monitoring. In essence, the United States Geological Survey (USGS) decided upon
an open data policy, which made all new and archived Landsat data held by the
USGS freely available through the Earth Resources Observation and Science (EROS)
Center (Wulder et al., 2012). However, much of the data from Landsat 1 through
Landsat 5 has not been collected from the USGS, but from international cooperator
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nations or regional groupings of nations such as the ESA. That way, many images
collected outside the US were not affected by the USGS open data policy, still
hampering the use of Landsat data for long-term ecological monitoring outside the
U.S. (Senf et al., 2015). To fill this data gap, the Landsat international cooperator
nations decided upon a Landsat Global Archive Consolidation (LGAC), which aimed
at integrating all globally distributed Landsat archives into a single, freely and easily
accessible, centralized global archive housed at EROS (Wulder et al., [in press]).
The great amount of freely available data has triggered the development of new
methods for mass data processing, in particular standardized ways for radiometric
and atmospheric correction, cloud masking, topographic correction, and geometric
corrections (Hostert et al., 2015). Atmospheric correction is a key requirement for
time series analysis (Kennedy et al., 2007) and many approaches have been devel-
oped in the past (for a detailed review see Banskota et al., 2014). Shortly prior to
the opening of the Landsat archive, a notable advancement in atmospheric correc-
tion was made by the Landsat Ecosystem Disturbance Adaptive Processing System
(LEDAPS) software (Masek et al., 2006), which employs an absolute atmospheric
correction procedure called the Second Simulation of the Satellite Signal in the Solar
Spectrum (S6) code by Vermote et al. (1997). The advantage of LEDAPS is that
the program estimates per-pixel aerosol optical thickness (AOT) using the Dense
Dark vegetation method developed by Kaufman et al. (1997), and that the program
automatically retrieves additional ancillary data (i.e., water vapour and surface pres-
sure, digital topography maps, ozone concentration) from various sources (Masek
et al., 2006). The LEDAPS approach can be applied to Landsat TM and ETM+
data (Claverie et al., 2015) and the USGS has thus adopted LEDAPS as operational
correction algorithm for their Surface Reflectance High Level Data Products. For
Landsat 8, a new atmospheric correction algorithm was developed (Vermote et al.,
[in press]), which shows little differences to the surface reflectance obtained from
Landsat 7 (Roy et al., [in press]). In terms of cloud masking, Zhu and Woodcock
(2012) developed the Fmask algorithm, which was later translated into CFmask (a
faster version implemented in the programming language C) and adopted as oper-
ational cloud screening algorithm for the Landsat Surface Reflectance High Level
Data Products. While LEDAPS and CFmask have allowed for easy integration of
large amounts of Landsat data from various sensors (White and Wulder, 2014), there
is still room for improvement of existing methods (Frantz et al., 2016, 2015).
The frequent availability of cloud-free imagery has also triggered new develop-
ments in ecosystem related Landsat analysis (Kennedy et al., 2014). With nearly
annual time series of Landsat data, new methods such for detecting abrupt forest
disturbances caused by harvest and fire were developed (Griffiths et al., 2012; Huang
et al., 2010; Schroeder et al., 2011), leading to continental scale analyses of forest
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disturbances (Masek et al., 2013, 2008). The frequent availability of images in the
open USGS archive has not only increased the temporal depth of analysis, but has
also ended the per scene analysis of single Landsat images (Hansen and Loveland,
2012). By using compositing techniques – that is the selection of best pixels to create
a pseudo-image of cloud-free observations over large extents (Griffiths et al., 2013)
– a new series of studies was triggered that mapped stand-replacing forest distur-
bances over very large areas such as the Canadian boreal forests (Hermosilla et al.,
2015b), the Russian boreal forests (Potapov et al., 2011), the Carpathians (Griffiths
et al., 2014), and globally (Hansen et al., 2013). However, many forest disturbances
are not necessarily stand-replacing, requiring a more sensitive mapping approach
that allows for detecting gradual disturbances associated with forest health decline
(Cohen et al., 2016; Meigs et al., 2011; Vogelmann et al., 2009). Consequently,
there has been a recent development of algorithms that can simultaneously detect
abrupt and gradual disturbances in Landsat time series (Hermosilla et al., 2015a;
Kennedy et al., 2012, 2010; Moisen et al., [in press]). In detail, those algorithms
fit a simple, piecewise linear function to each pixels spectral trajectory, represent-
ing the spectral-temporal characteristics of the pixel (i.e., the magnitude, duration,
and rate of spectral change). Using those spectral-temporal characteristics allowed
for separating varying disturbance agents (Kennedy et al., 2015) and for translat-
ing disturbances mapped from Landsat into units applicable to forest management,
example given, into dead tree basal area (Bright et al., 2014; Meigs et al., 2011)
or (changes in) forest biomass (Pflugmacher et al., 2012, 2014). That way, using
Landsat time series allows for characterizing forest disturbances at a spatial, tempo-
ral, and thematic level necessary for understating and monitoring forest ecosystem
changes. Nonetheless, there are still challenges associated with the detection and
mapping of insect disturbances (Coops et al., 2006a), in particular if considering
varying insect agents such as bark beetles and defoliators.
1.5 Research questions and objectives
The overall goal of this dissertation is to increase the understanding of landscape to
regional scale patterns and processes of insect defoliator disturbances in the conifer-
ous forests of western North America with the help of Landsat time series analysis.
In order to develop a methodological set that can be utilized for achieving this goal,
the first research question of the dissertation is:
Research Question I: How can Landsat remote sensing be used to map and quan-
tify insect defoliator outbreaks?
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While much progress in the mapping of forest disturbances was made in the last
decade, the spatially and temporally consistent mapping of insect disturbances is
still challenging. In particular, it is not well understood if and how disturbances
from varying insect agents can be separated. Consequently, the objectives belong-
ing to Research Question 1 are:
Objective 1: Characterize the spectral-temporal characteristics of insect distur-
bances using annual Landsat time series..
Objective 2: Test how well defoliator disturbances can be distinguished from other
disturbance agents, that is bark beetle infestation, harvest, and fire.
Using a Landsat based approach likely allows for the reconstruction and analysis
of historic insect defoliator outbreaks, which in turn allows for generating novel in-
sights into the complex dynamics of insect outbreaks. To better understand the
patterns and processes of defoliator disturbances in coniferous forests of western
North America, the second research question of the dissertation is:
Research Question II: What are the spatiotemporal patterns and processes of
outbreaks of western spruce budworm in the coniferous forests of western North
America?
Answering the second research question requires an improved understanding of the
spatiotemporal patterns of western spruce budworm at ecologically relevant spatial
and temporal resolutions. Using the IDF zone of British Columbia as an example,
the second objective of the dissertation consequently is:
Objective 3: Utilize the Landsat time series approach developed under Research
Question 1 to quantify the spatiotemporal patterns of western spruce budworm in-
festation during its recent outbreak in British Columbia, Canada.
An improved understanding and mapping of the spatiotemporal outbreak pattern
of western spruce budworm allows for the analysis of underlying drivers at the land-
scape and regional scale. As discussed above, regional scale outbreak dynamics
are hypothesized to be driven by climate synchrony, while landscape scale patterns
are hypothesized to be driven by stand to landscape scale factors. To test those
hypotheses for the western spruce budworm in British Columbia, the dissertations
third and fourth objectives are:
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Objective 4: Assess and analyze potential drivers of regional scale western spruce
budworm infestation patterns, in particular the regional scale weather variability
patterns related to outbreak initiation.
Objective 5: Assess and analyze potential drivers of landscape scale western spruce
budworm infestation patterns, in particular if and how factors across multiple scales
can explain observed spatiotemporal patterns of western spruce budworm infesta-
tion.
This thesis is structured into three main research chapters following this intro-
duction. Each chapter consists of one stand-alone manuscript published or submit-
ted for publication to a peer-reviewed international journal. In particular, Research
Question I is covered by Chapter II (published in Remote Sensing of Environment),
whereas Research Question II is covered by Chapter III (in review with the Canadian
Journal of Remote Sensing) and by Chapter IV (submitted to Landscape Ecology).
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Defoliators and bark beetles are natural disturbance agents in many forest ecosystems around
the world. Mapping the spatial and temporal patterns of insect disturbance dynamics can help
in understanding their impacts on forest ecosystem resilience and functioning, and in developing
adaptive management strategies. In recent years, much progress has been made in landscape-
level analyses of insect-induced disturbances using remotely sensed data. However, many studies
have focused on single insect agents or aggregated different insect agents into a single group.
In this study, we characterized the temporal-spectral patterns associated with bark beetle and
defoliator disturbances using Landsat time series between 1990 and 2013, with the objective to
test if the two insect disturbances can be separated with Landsat data. We analyzed a recent
outbreak of mountain pine beetle (Dendroctonus ponderosae Hopkins) and western spruce budworm
(Choristoneura freemani Razowski) in British Columbia, Canada. To characterize the disturbance
and recovery trends associated with insect disturbances we used the LandTrendr segmentation
algorithm. We fitted LandTrendr spectral trajectories to annual normalized burn ratio (NBR)
and Tasseled Cap (TC) time series, from which we then extracted a set of disturbance metrics.
With these disturbance metrics, two random forest models were trained to a) distinguish insect
disturbances from harvest and fire disturbances; and to b) attribute the insect disturbances to the
most likely agent, i.e. mountain pine beetle or western spruce budworm. Insect disturbances were
successfully mapped with an overall accuracy of 76.8%, and agents were successfully attributed
with overall accuracies ranging from 75.3% to 88.0%, depending on whether only pure host-stands
or mixed stands with both insect hosts were considered. In the case of mixed host stands, nearly
45% of the western spruce budworm disturbances were falsely attributed to mountain pine beetle.
Spectral metrics describing disturbance magnitude were more important for distinguishing the
two insect agents than the disturbance duration. Spectral changes associated with western spruce
budworm disturbances had generally lower magnitudes than mountain pine beetle disturbances.
Moreover, disturbances by western spruce budworm were more strongly associated with changes
in TC greenness, whereas disturbances by mountain pine beetle were more strongly associated
with changes in TC brightness and wetness. The results reflect the ephemeral nature of defoliators
versus the tree mortality impacts of bark beetles in our study area. This study demonstrates the
potential of Landsat time series for mapping bark beetle and defoliator disturbances at the agent
level and highlights the need for distinguishing between the two insect agents to adequately capture






Insect disturbances play an important role in forest ecosystem dynamics by renew-
ing old and susceptible forests, recycling nutrients, and providing food for wildlife
(Parker et al., 2006). There is increasing evidence that human actions through
management and climate change have altered the interactions between insects and
forests, resulting in more widespread insect outbreaks (Raffa et al., 2008; Schoen-
nagel et al., 2004; Swetnam and Lynch, 1993). Using climate change projections,
current research indicates that outbreaks will become more frequent in the future
(Logan et al., 2003; Volney and Fleming, 2000; Woods et al., 2010), which will have
significant consequences for the future carbon balance of forests (Hicke et al., 2012;
Kurz et al., 2008a,b).
Monitoring insect outbreaks with remote sensing data systematically over space
and time can help with understanding landscape-scale causes and consequences of
insect disturbances. Two of the most prevalent insect agents causing widespread tree
damage and mortality are bark beetles and defoliators. Since impacts of defoliators
and bark beetles on ecosystem function and structure are different (Hicke et al.,
2012), distinguishing between insect agents is important to adapt forest management
strategies and to improve ecosystem process models. However, studies mapping
insect disturbances over large areas usually group defoliators and bark beetles into a
single disturbance category (Huang et al., 2010; Kennedy et al., 2012; Masek et al.,
2013).
In coniferous forests of North America, the most important bark beetle is the
mountain pine beetle (Dendroctonus ponderosae Hopkins). Mountain pine beetles
reproduce in the phloem below the bark and introduce a fungus, which clogs the
phloem and limits the translocation of water and nutrients through the tree. By
using pheromones, the beetles usually follow a cooperative behaviour strategy (mass
attack) to help overcome the defensive system of trees. Attacks by mountain pine
beetle are not noticeable in the first year of infestation (green-attack stage) but
typically lead to complete discoloration (red-attack stage) in the second year and
complete defoliation (grey-attack stage) in the third year (Wulder et al., 2006a).
However, the progression of infestation by mountain pine beetle can vary by region,
site, and species (Wulder et al., 2006a).
In comparison to bark beetles, defoliating insects cause mild to moderate distur-
bances (Cooke et al., 2007). The most prominent defoliators in coniferous forests
of North America are in the genus Choristoneura (spruce budworm), including the
eastern spruce budworm (C. fumiferana Clemems), the jack pine budworm (C. pinus
pinus Freeman), the western spruce budworm (C. freemani Razowski), the 2-year-
cycle spruce budworm (C. biennis Free.), and the coastal spruce budworm (C. orae
Free.) (Nealis, 2008). From those, the western spruce budworm is most important
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for western North America (Hicke et al., 2012). Western spruce budworm larvae
feed primarily on current-year foliage, which can lead to chlorosis, crown dieback,
and tree death; particularly when insect populations are high over several years
and in cases of secondary infestation by bark beetles (Alfaro et al., 1985, 1982;
Shepherd, 1994). Nonetheless, if defoliation rates are low, most trees typically will
experience little damage and recover within several years (Campbell et al., 2006;
Shepherd, 1994). Western spruce budworm outbreaks return every 30 years on av-
erage, though the intensity of outbreaks can vary significantly (Alfaro et al., 2014;
Axelson et al., 2015).
Previous studies have shown that Landsat’s spectral bands can be used to dis-
criminate healthy forests from insect disturbed forests. Also, with a 30 m spatial
resolution, Landsat operates at a scale that is informative for ecological research and
management decisions (Cohen and Goward, 2004; Wulder et al., 2008). Early stud-
ies utilizing Landsat for insect disturbance mapping in coniferous forests typically
used spectral information from one or two images, including the Tasseled Cap com-
ponents (Franklin et al., 1995; Skakun et al., 2003), spectral bands (Franklin et al.,
2003), spectral mixture analysis (Radeloff et al., 1999), and vegetation indices based
on near-infrared and shortwave-infrared reflectance (Franklin et al., 2008). How-
ever, approaches based on single years and binary maps are somewhat restricted in
characterizing the complex ecological dynamics of insect outbreaks. Thus, a more
comprehensive mapping approach is needed, utilizing as many points in time as pos-
sible and characterizing the disturbance magnitude and duration (Gillanders et al.,
2008; Kennedy et al., 2014).
Following the opening of the United States Geological Survey (USGS) Landsat
archive and the related increase in capacity to produce time series (Wulder et al.,
2012), annual Landsat time series were successfully used in a number of studies to
capture insect-infestation. While implemented just prior to the opening of the USGS
archive, Goodwin et al. (2008) used annual Landsat time series to capture infesta-
tion by mountain pine beetle in British Columbia. In this study, spectral trajectories
displayed little to no change in the first year of infestation, but a decreasing trend
in subsequent years. Similar spectral and temporal trends were found for moun-
tain pine beetle in Montana (Assal et al., 2014), in Colorado (Meddens and Hicke,
2014), and in Oregon (Meigs et al., 2011). The changes in Landsat spectral trajec-
tories were linked to tree mortality (Meigs et al., 2011; Pflugmacher et al., 2012),
which enabled a landscape-scale assessment of mountain pine beetle impacts (Bright
et al., 2014; Meigs et al., 2015). Defoliator disturbances were also associated with
gradual changes in the spectral signal (Meigs et al., 2011; Vogelmann et al., 2009,
2012), but spectral trajectories were highly variable. Changes during defoliation
were explained by decreasing vigor, top-kill, and increasing mortality resulting from
28
Chapter 2
consecutive defoliation events, though many trajectories also showed quick spectral
recovery after disturbance. Thus, recent studies suggest that Landsat time series
can be utilized to characterize the complex spatial and temporal dynamics of insect
outbreaks, but spectral trajectories vary considerable among insect agents, regions,
and outbreak intensities. To better understand the ecological dynamics of insect dis-
turbances, a better understanding of the spectral-temporal trajectories of individual
insect agents is needed, enabling a more detailed mapping of insect disturbances –
that is by distinguishing between bark beetle and defoliator disturbances.
Here, our goal was to determine the capacity of spectral-temporal trajectories
from annual Landsat time series to map defoliator and bark beetle disturbance
dynamics in southern-interior British Columbia, Canada. Our specific objectives
were to:
1. Test how well bark beetle and defoliator disturbances can be distinguished
with Landsat time series.
2. Characterize the spectral-temporal trajectories of bark beetle and defoliator
disturbances with respect to severity, duration, and spectral recovery.
3. Map the spatial and temporal pattern of mountain pine beetle and western
spruce budworm disturbances.
2.2 Study site
Our study site is located in the interior of British Columbia, Canada, occupying an
area of approximately 149,700 km2. The outer extent of the study site (hereafter
referred to as Interior) is delineated by eight Landsat footprints (WRS-2 path/row:
45/25, 45/26, 46/24, 46/25, 46/26, 47/24, 47/25, 48/24; Fig. 2.1). In British
Columbia, a province-wide biogeoclimatic classification system has been established
that describes the natural ecozones based on climatic and vegetation characteristics
(Pojar et al., 1987). The Interior is dominated by the Interior Douglas-fir Forest zone
(Hope et al., 1991). The Interior Douglas-fir Forest zone is characterized by mature
Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco) stands at mid-elevations (900 –
1,200m), mixed stands of Douglas-fir and ponderosa pine (Pinus ponderosa Douglas
ex C. Lawson) at lower elevations (600 – 900m), and mixed stands of Douglas-fir
and lodgepole pine (Pinus contorta Douglas) at higher elevations (1,200 – 1,450).
The Interior Douglas-fir Forest borders the Montane Spruce zone at higher eleva-
tions, which is actually a transition zone to the Engelmann Spruce and Subalpine
Fir zone. In the Interior, the Montane Spruce zone is characterized by extensive
seral stands of lodgepole pine. At lower elevations, the Interior Douglas-fir Forest
borders the Ponderosa Pine zone, which is dominated by open stands of ponderosa
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pine. In the northern part of the study site, the Interior Douglas-fir Forest borders
the Sub-Boreal Pine and Spruce zone. The Sub-Boreal Pine and Spruce zone is
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Figure 2.1: Study area in British Columbia. The main map shows the major bio-
geoclimatic zones (BEC zones) in the study area.
The Interior and in particular the Interior Douglas-fir Forest have experienced a
complex history of fire and insect disturbances (Campbell et al., 2006; Maclauchlan
et al., 2006). There are records of western spruce budworm outbreaks over the
past 400 years, although outbreak frequency has increased markedly during the
past century (Campbell et al., 2006). The most recent outbreak from 1999 to 2012
affected the whole IDF and peaked in 2007 at approximately one million hectares of
defoliated trees. It was the largest outbreak in recorded history (Westfall and Ebata,
2012). In British Columbia, western spruce budworm mainly feeds on Douglas-
fir and true fir, though other species such as hemlock, Engelmann spruce, larch,
and pine might occasionally be attacked if growing on site (Maclauchlan et al.,
2006). Mountain pine beetle is also active in the Interior. The most recent outbreak
occurred between 2002 and 2012 and led to high mortality rates in ponderosa and
lodgepole pine stands (Westfall and Ebata, 2012). Even though mountain pine
beetle can feed on any pine species, lodgepole-pine is considered its primary host in
British Columbia (Wulder et al., 2006a).
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2.3 Data and methods
2.3.1 Landsat data and LandTrendr disturbance mapping
We used the LandTrendr segmentation approach (Kennedy et al., 2010) to map and
characterize disturbances between 1990 and 2013. To achieve this, we followed three
main steps: 1) create annual time series of cloud-free, anniversary-date observations;
2) fit time series trajectories for each pixel; and 3) derive a set of metrics from each
trajectory to describe the disturbance and recovery characteristics of each pixel.
We processed all Landsat footprints individually in their original UTM projection
(WGS84) and then mosaicked the final disturbance metrics for the whole study site
in the BC Albers Equal Area (NAD83) projection. For mosaicking, we used Voronoi
polygons as edge lines between neighbouring scenes (Kennedy et al., 2012). Areas
that were non-forest in 1990 were masked out using a binary forest cover map created
from supervised classification.
To minimize the effect of phenology and data gaps caused by atmospheric in-
terference, LandTrendr builds annual anniversary-date, best observation composites
using all cloud-free observations from each scene and overlapping scenes within a
pre-defined seasonal window (Kennedy et al., 2010). We downloaded all available
Landsat Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+)
scenes from the US Geological Survey (USGS) archive and used the LEDAPS algo-
rithm (Masek et al., 2006) to produce surface reflectance images for the 23-year time
period. For building the best observation composites, we defined the seasonal win-
dow as ±30 days around July 15th. Clouds, cloud shadows, and snow were detected
and masked out using the Fmask algorithm (Zhu and Woodcock, 2012).
Once a consistent annual time series is created, the LandTrendr algorithm fits
spectral trajectories to the time series by dividing it into a series of connected
linear segments following two main steps: First, the start and end of each segment
is determined by estimating the years of change using a spectral index of choice
(segmentation process). Second, the spectral index values at vertices are estimated
(fitting process), yielding a trajectory of interconnected segments that characterize
the disturbance history for each pixel (Fig. 2.2). The segment breakpoints are
called vertices. In this study, we used the Normalized Burn Ratio (NBR) (Key and
Benson 2006) to derive the segmentation and then applied the fitting to NBR and
the first three Tasseled Cap (TC) components (Crist, 1985). NBR has previously
been demonstrated to be sensitive to insect disturbances in North America (e.g.,
De Beurs and Townsend, 2008; Meigs et al., 2011; Townsend et al., 2012) and has
been used with LandTrendr in other studies (Kennedy et al., 2010, 2012; Meigs et al.,
2011). However, NBR is only a single spectral index based on two bands, whereas
the TC components are multi-dimensional indices derived from the multispectral
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data space. The TC components are sensitive to green vegetation abundance and
vigor (greenness), canopy structure and moisture (wetness), and background soil
signal (brightness) (Cohen and Goward, 2004) and have been used in many studies
mapping insect infestation (e.g., Coops et al., 2006b; Skakun et al., 2003; Wulder
et al., 2006b).
Figure 2.2: Exemplified LandTrendr segmentation and spectral trajectory fitted to
an NBR time series. Grey dots (a-d) indicate vertices. Disturbance and recovery
metrics derived from the trajectory are shown.
Finally, we derived a set of metrics describing the spectral-temporal character-
istics of the trajectory fitted to NBR and TC trajectories, closely following Meigs
et al. (2011) and Pflugmacher et al. (2014). For each pixel’s trajectory, we first
identified the greatest disturbance segment, defined as the segment with the great-
est negative change in NBR. From the greatest disturbance segment, we calculated
the change magnitude (GDMAG; Fig. 2.2), segment duration (GDDUR; Fig. 2.2),
and recorded the onset of disturbance, defined as the first year of the greatest dis-
turbance segment. Similarly, we calculated recovery magnitude (RCMAG; Fig. 2.2)
and duration (RCDUR; Fig. 2.2) from the spectral recovery segment following the
greatest disturbance segment. To facilitate interpretation, the NBR change magni-
tudes of disturbance and recovery were converted to percent change relative to the
spectral value of the pre-disturbance condition (start vertex of each segment).
2.3.2 Mapping approach
We followed a two-phase classification approach to map spatial and temporal pat-
terns of mountain pine beetle and western spruce budworm disturbances (Goodwin
et al., 2008; Meigs et al., 2015): First, we classified the LandTrendr disturbance
and recovery metrics into harvest and fire disturbances, insect disturbances, and
undisturbed areas. We refer to this classification phase as disturbance classification.
Second, we assigned all pixels identified as insect disturbances in the first classifica-
tion phase a likelihood of being disturbed by either mountain pine beetle or western
spruce budworm (in the following referred to as insect agent attribution).
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Phase one: disturbance classification
In the first classification phase, we used the LandTrendr disturbance metrics to clas-
sify forest changes into 1) insect disturbances, 2) harvest and fire disturbances, and
3) undisturbed forest. Clear-cut harvest and fires behave differently in spectral and
temporal space than insect disturbances, which makes them distinguishable with
Landsat time series (Goodwin et al., 2008; Kennedy et al., 2012; Meigs et al., 2015).
While insect disturbance can lead to complete stand mortality, spectral change mag-
nitudes associated with harvest and fire disturbances are usually significantly higher
(Goodwin et al., 2008; Hais et al., 2009), and of shorter duration (Meigs et al., 2015).
As reference data, we randomly selected and labeled 800 pixels closely following the
approach by Cohen et al. (2010), Kennedy et al. (2012), Pflugmacher et al. (2012)
and Meigs et al. (2015).
For identifying and labeling disturbances in the reference pixels, we used Landsat
image chips, Landsat spectral trajectory plots, high-resolution imagery, the provin-
cial aerial overview survey (AOS) database (Wulder et al., 2009), the provincial
Vegetation Resource Inventory (VRI) database (Leckie and Gillis, 1995), and the
Canadian National Fire Database. The AOS collects polygon-level data on insect
agent and disturbance severity during aerial overflights. The AOS (Fig. 2.7) is cur-
rently the most comprehensive database on insect disturbances at the landscape
level (Meddens et al., 2012), but it is not a precise spatial product as it has several
positional and attribution limitations, and it is subject to a certain observer bias,
such as off-nadir viewing, variations in lighting conditions, and interpreter expe-
rience and fatigue, among others (Wulder et al., 2006a). To reduce uncertainties
in the AOS data, we omitted polygons with the severity class ’trace’, indicating
only single infested trees within a stand (Wulder et al., 2009). Moreover, we only
included insect disturbed pixels within mountain pine beetle and western spruce
budworm host-tree stands according to the VRI. Stands in the VRI are delineated
using very-high-resolution imagery, and species composition is assigned using photo
interpretation (Leckie and Gillis, 1995). Species composition information includes
the six leading species including their relative abundance. In total, 358 pixels were
undisturbed, 145 were disturbed by harvest or fire, and 267 pixels were disturbed
by insects (either mountain pine beetle or western spruce budworm). A small pro-
portion (30 pixels) could not clearly be assigned to one of the three categories, and
those were excluded from further analyses. In Figure 2.3 we present examples of all
three disturbances classes.
Using the reference pixels, we trained a random forest classification model (Breiman,
2001) provided in the randomForest package (Liaw and Wiener, 2002) of the sta-
tistical software R. The random forest model was validated using the out-of-bag
confusion matrix (Breiman, 2001), from which we estimated overall, users, and pro-
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Figure 2.3: Four examples of Landsat spectral trajectories (black dots) and
LandTrendr fitted trajectories (grey lines) with corresponding Landsat image chips
(columns one and two; R/G/B=Landsat band 4/5/3) and very high-resolution im-
agery (column three). For mountain pine beetle and western spruce budworm dis-
turbances (rows B and C) the AOS polygons also are shown.
Phase two: insect agent attribution
Following the disturbance mapping in phase one (Section 2.3.2), we estimated for
each insect-disturbed pixel the probability of being disturbed by mountain pine
beetle or western spruce budworm, respectively. Continuous probabilities of class
presence offer greater flexibility in interpreting map predictions than discrete classes,
i.e., by choosing more conservative or relaxed estimates of the total area disturbed
(Wulder et al., 2006b). For this purpose, we calibrated a second random forest
model with a second reference dataset based on the AOS and the VRI database.
We selected all insect disturbance pixels covered by either a mountain pine beetle
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or a western spruce budworm AOS polygon, again omitting the trace class. Some
areas (16% of all pixels) were covered by mountain pine beetle and western spruce
budworm polygons, and we omitted those pixels from the reference set to avoid
confusion between both insects. For model training, we further narrowed down the
selection to those pixels identified as pure mountain pine beetle or western spruce
budworm host-stands in the VRI (i.e. 100% Douglas-fir or 100% lodgepole pine),
reducing unrelated spectral variability in the reference data (Franklin et al., 2003).
From this selection, we randomly drew 10,000 pixels for training of a random forests
model as described in Section 2.3.2; and sampled 10,000 pixels for validating the
model in pure stands. Moreover, we sampled a second reference set of 10,000 pixels,
covering pure and mixed stands. Using two reference sets – that is one sampled in
pure host stands and one sampled independently of host-configuration – allowed us
to assess the effects of mixed stands on attribution accuracy.
Using the trained random forest model, we predicted the probability of mountain
pine beetle and western spruce budworm disturbances for all insect disturbances
pixels. In random forest, the probability of class membership is estimated from the
proportion of tree votes obtained by a class.
2.4 Results
2.4.1 Classification of disturbances and insect agents
The disturbance classification yielded an overall accuracy of 76.8% (Table 2.1), with
the highest users and producers accuracies in the harvest/fire disturbance class
(80.9% and 84.8%, respectively), slightly lower users and producers accuracies for
the undisturbed class (78.8% and 83.2%, respectively), and moderate accuracies for
the insect disturbance class (70.8% and 63.7%, respectively). Class confusion was
highest between insect disturbances and undisturbed areas. In total, 34±9% of the
forested area was disturbed by insects and 20±9% were disturbed by harvest or
fire. Most of the forested area in the study area (46±6%) was stable over the study
period. The classification map (Fig. 2.4) was used to mask out undisturbed areas
and harvest/fire disturbances in the following results.
The binary classification of mountain pine beetle and western spruce budworm
disturbances (using a probability threshold of p = 0.5) achieved an overall accuracy
of 88.0% in pure host-stands (Table 2.2), indicating that the two insects can be
reliably distinguished using disturbance and recovery metrics derived from Land-
sat time series. Nonetheless, the overall accuracy dropped to 75.3% when mixed
stands were considered (Table 2.3), suggesting that the attribution of insect agents
is more difficult in stands composed of different host tree species. For pure stands
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Table 2.1: Validation of the first classification phase (disturbance classification),
which distinguishes undisturbed areas, insect disturbances, and clear-cut harvest
and fire disturbances. The confusion matrix is derived from the out-of-bag sample
of the random forest model.
Reference
Class Undisturbed Insect Harvest and Fire Total Users accuracy [%] Error of commission [%]
Map
Undisturbed 298 74 6 378 78.8 21.2
Insect 54 170 16 240 70.8 29.2
Harvest and Fire 6 23 123 152 80.9 19.1
Total 358 267 145
Producers accuracy [%] 83.2 63.7 84.8 Overall accuracy [%]





Figure 2.4: Map derived in the disturbance classification phase showing undisturbed
areas, harvest/fire disturbances, and insect disturbances. A binary map of the insect
disturbances is later used to mask out undisturbed areas and areas disturbed by
harvest/fire (Fig. 2.7).
(Table 2.2), the producers and users accuracies were well balanced between both
insects, whereas the users accuracy for mountain pine beetle disturbances was sub-
stantially lower (55.9%) for the mixed stands, which means that mountain pine
beetle infected areas were overestimated in those stands.
2.4.2 Spectral-temporal characteristics of mountain pine bee-
tle and western spruce budworm disturbances
Some differences between mountain pine beetle and western spruce budworm dis-
turbances were apparent when comparing the disturbance and recovery metrics
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Table 2.2: Validation of the first classification phase (disturbance classification),
which distinguishes undisturbed areas, insect disturbances, and clear-cut harvest
and fire disturbances. The confusion matrix is derived from the out-of-bag sample
of the random forest model.
Reference
Agent WSBW MPB Total Users accuracy [%] Error of commission [%]
Map
WSBW 4996 563 5559 89.9 10.1
MPB 636 3805 4441 85.7 14.3
Total 5632 4368
Producers accuracy [%] 88.7 87.1 Overall accuracy [%]
Error of omission [%] 11.3 12.9 88
Table 2.3: Validation of the first classification phase (disturbance classification),
which distinguishes undisturbed areas, insect disturbances, and clear-cut harvest
and fire disturbances. The confusion matrix is derived from the out-of-bag sample
of the random forest model.
Reference
Agent WSBW MPB Total Users accuracy [%] Error of commission [%]
Map
WSBW 4970 450 5420 91.7 8.3
MPB 2021 2559 4580 55.9 44.1
Total 6991 3009
Producers accuracy [%] 71.1 85 Overall accuracy [%]
Error of omission [%] 28.9 15 75.3
(Fig. 2.5). Disturbance magnitudes in NBR for mountain pine beetle were on av-
erage 20% higher than for western spruce budworm. For mountain pine beetle
50% of the disturbances had a disturbance magnitude higher than 40%, whereas
for western spruce budworm this was only the case for 30% of the disturbances.
The TC components showed more distinct differences between mountain pine beetle
and western spruce budworm disturbances magnitudes (Fig. 2.6). Western spruce
budworm disturbances showed a 30% higher decline in greenness than mountain
pine beetle disturbances; whereas mountain pine beetle disturbances showed a three
times higher decline in brightness than western spruce budworm. Moreover, moun-
tain pine beetle disturbances showed a slightly higher increase in wetness during
disturbance than western spruce budworm. This finding suggests that the TC com-
ponents are of particular importance for separating between defoliator and bark
beetle disturbances.
Differences in disturbance duration were not as distinct, though some general
patterns could be observed (Fig. 2.5): For mountain pine beetle, 50% of the distur-
bances were very short (two years or less), 20% of the disturbances were between
three and five years in duration, and 30% of the disturbances persisted longer than
5 years. In comparison, western spruce budworm disturbances were only slightly
longer on average (five years compared to four years for mountain pine beetle),
though the proportion of long-duration (>5 years) disturbances was higher (40%).












































Figure 2.5: Boxplots of the disturbance and recovery metrics for the NBR stratified
by insect agent. Disturbance and recovery magnitude from NBR are expressed in
percent.
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Figure 2.6: Boxplots of the disturbance and recovery metrics for the TC components
stratified by insect agent. Change magnitudes from TC components are expressed
as absolute change in greenness, brightness, and wetness, respectively.
Differences in NBR recovery magnitude (Fig. 2.5) were not as distinct as differ-
ences for disturbances, with mountain pine beetle experiencing a slightly higher vari-
ation in recovery magnitude. For recovery duration, however, western spruce bud-
worm disturbances resulted in longer recovery durations compared to those follow-
ing mountain pine beetle disturbances. For the TC recovery magnitudes (Fig. 2.6),
western spruce budworm and mountain pine beetle disturbed stands tended to com-
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pletely recover in TC greenness. For spectral recovery in wetness, both insects had
lower spectral recovery values than the changes in wetness during disturbance. Re-
covery in brightness was close to the changes during disturbance for mountain pine
beetle and close to zero for western spruce budworm.
2.4.3 Spatial and temporal pattern of mountain pine beetle
and western spruce budworm disturbances
The maps of mountain pine beetle and western spruce budworm disturbance prob-
ability (Fig. 2.7) resembled the disturbance patterns of the aerial overview survey
quite well, although the spatial detail is much higher. Some differences can be
found for mountain pine beetle in the northwestern part of the study area, though
this area has also been subject to intensive salvage logging and fire (Fig. 2.4). High
probabilities of mountain pine beetle disturbances are concentrated in the lodgepole
pine dominated area in the northeastern part of the study site (Sub-boreal Pine
and Spruce zone and Sub-boreal Spruce zone), and in the higher elevation regions
of the Montane Spruce zone. High probabilities of western spruce budworm distur-
bances are concentrated in lower-elevation parts of the Douglas-fir dominated areas
(Interior Douglas-fir zone) and in the low area bunchgrass zones.
The temporal dynamics of the western spruce budworm and mountain pine bee-
tle outbreak show distinct differences between both agents (Fig. 2.8). For our study
area, the mountain pine beetle outbreak began in 2000, peaked in 2007, and de-
creased afterwards. The current western spruce budworm outbreak also started
in 2000 and peaked in 2003. After 2003, infestations by western spruce budworm
steadily declined until 2010. Comparing the Landsat based estimates to the temporal
profiles of the AOS maps, substantial differences can be observed. The AOS-based
area estimates are higher than the Landsat-based estimates, especially for mountain
pine beetle. Nevertheless, the temporal patterns of the Landsat based estimates
resemble the AOS based trajectories quite well.
2.5 Discussion
2.5.1 Mapping mountain pine beetle and western spruce
budworm disturbances
Mapping approach
Our results confirm that insect disturbances can be distinguished reliably from
undisturbed areas and more intense disturbances such as clear-cut harvest and fire
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a) Probability of mountain pine beetle b) Probability of western spruce budworm
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Figure 2.7: Mapped probability of (a) mountain pine beetle and (b) western spruce
budworm disturbances in comparison to the Aerial Overview Survey (AOS) maps
(c and d).
(Goodwin et al., 2008; Kennedy et al., 2012; Meigs et al., 2015), though insect dis-
turbances might be confused with undisturbed areas once disturbance magnitudes
are low. This issue was previously reported by other studies (Coops et al., 2006a;
Kennedy et al., 2012) and results from the fact that slight disturbances are easily
confused with spectral changes caused by residual clouds or phenological differences
in the source image stack. Since this confusion results in a higher error of omission
for insect disturbances, our resulting insect disturbance map is a more conservative
estimation of the total area affected.
We presented evidence that defoliator and bark beetle disturbances can be sep-
arated in pure host-stands using spectral and temporal disturbance metrics derived
from Landsat time series. However, once mixed stands were considered, there was































Figure 2.8: Temporal dynamics of the western spruce budworm and mountain pine
beetle outbreak as estimated from Landsat and the Aerial Overview Survey (AOS)
maps. Shown is the area (in hectares) disturbed by one of each insect over time.
Landsat estimates are based on different thresholds used for classifying the probabil-
ity output into presence/absence maps of mountain pine beetle and western spruce
budworm. The upper bound represents all stands with a probability greater 0.5 and
the lower bound represents all stands with a probability of greater 0.8.
falsely attributed. These errors were predominately located at the border between
the Douglas-fir and the lodgepole pine dominated zones, where stands mixed be-
tween host- and non-host-trees are common. In those stands, western spruce bud-
worm is the predominant agent of disturbance, but the spectral-temporal signal can
be mixed between western spruce budworm and single pines attacked by mountain
pine beetle. It is moreover possible that errors in the AOS database are more preva-
lent in those mixed stands, where different agents are hard to separate visually. Our
mixed reference data set might thus include some false labels caused from erroneous
attribution the AOS data. Using the VRI information, which is spatially explicit,
can help identify stands that are more likely to be classified falsely.
In contrast to the methodological approach suggested by Meigs et al. (2015),
which combines LandTrendr with AOS maps using a simple overlay analysis, we
used the AOS data to train a model assigning a likelihood of insect agent to each dis-
turbance pixel identified by LandTrendr. Our approach thus allows also attributing
agents to insect disturbances outside of AOS polygons. By restricting the training
process to those polygons coinciding with host-trees of each insect agent (Franklin
et al., 2003), we moreover avoid false attribution by spatially erroneous AOS poly-
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gons (i.e. mountain pine beetle AOS polygons in pure Douglas-fir forests).
Spatial and temporal pattern of western spruce budworm and mountain
pine beetle disturbances
Our maps show the spatial and temporal patterns of the current outbreaks of moun-
tain pine beetle and western spruce budworm in southern British Columbia, and
they spatially expand the maps developed by Meigs et al. (2015) for the USA Pa-
cific Northwest. The spatial patterns of mountain pine beetle and western spruce
budworm probability resembled the BEC zones (Fig. 2.1) and thus the availability
of host trees in our study area. Distinct differences in the probability were found
for the northern zones (Sub-boreal Pine/Spruce zone) and for the higher elevation
zones (Mountain Spruce zone) of the study area, where lodgepole pine is the leading
species, and climatic conditions are considered to be less favorable for western spruce
budworm. Highest probabilities of western spruce budworm disturbances were found
in the lower elevation, hot and dry regions of the Interior Douglas-fir Forest zone,
where western spruce budworm is known to be most active (Maclauchlan et al.,
2006). In zones mixed between hosts of both insects, however, probabilities of either
mountain pine beetle or western spruce budworm were generally lower, indicating
that both insects might be present. In those areas, the attribution of one specific
agent is thus hampered.
The mountain pine beetle outbreak in our study area started in 2000 and peaked
in 2007, whereas the province-wide peak was in 2005 (Meddens et al., 2012). Since
our study area is located south of the major lodgepole pine areas of British Columbia,
the lag to the provincial trends is not unexpected. The western spruce budworm out-
break peaked earlier than mountain pine beetle. There is evidence that drought can
influence western spruce beetle population dynamics and trigger outbreaks (Flower
et al., 2014; Hicke et al., 2012), and the drought years 2000-2004 (Schwalm et al.,
2012) might be one of the causes for the current outbreak.
Using probability maps instead of discrete class labels allowed for a flexible in-
terpretation of results (Wulder et al., 2006b). Depending on the application, one
can chose more conservative or relaxed thresholds, targeting management actions
more precisely. Alternatively, it is possible to select the probability threshold based
on a selection criteria such as maximized overall accuracy, kappa, or using receiver-
operating characteristics (ROC) analysis (Manel et al., 2001).
Even though temporal patterns and trends of mountain pine beetle and western
spruce budworm disturbances resembled each other in the Landsat and AOS maps
(Fig. 2.8), we found substantial differences in the actual infestation area estimates
(Fig. 2.7 and 2.8). Those differences were not unexpected and have been reported
previously (Meigs et al., 2015), and emerge from the positional issues and the nature
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of the manual attribution of AOS maps. AOS maps are manually prepared with
infestation boundaries often generalized and including areas with non-infested trees
or non-vegetated areas. While the Landsat-based estimates might underestimate
trace insect disturbances (i.e., single infested trees), the large differences between
the Landsat-and AOS based estimates reinforce that area estimates derived from
AOS maps must be interpreted with caution (Wulder et al., 2006a).
2.5.2 Spectral-temporal characteristics of mountain pine bee-
tle and western spruce budworm disturbances
Disturbance magnitude
Spectral change magnitudes were important predictors for distinguishing mountain
pine beetle and western spruce budworm disturbances, which is not surprising as
it directly relates to the biology and disturbance ecology of the two insects, par-
ticularly with respect to disturbance severity and contagiousness. Mountain pine
beetle disturbances commonly lead to complete defoliation and mortality within a
few years (Wulder et al., 2006a), explaining the high spectral change magnitudes
associated with mountain pine beetle disturbances. Moreover, mountain pine bee-
tle disturbances commonly occur in aggregated patches (Coops et al., 2010), which
facilitates the detection with 30 m Landsat pixels (Meddens et al., 2013; Skakun
et al., 2003). Infestation patterns by western spruce budworm are often diffuse
(Cooke et al., 2007) and result in lower mortality rates, especially if feeding periods
are short as in our case (Shepherd, 1994). Nonetheless, trees will show partial symp-
toms such as chlorosis, deformation, or top-kill (Campbell et al., 2006; Maclauchlan
et al., 2006), which also influence the spectral disturbance magnitude. Looking at
the VRI database, the rate of dead standing trees (percent of dead trees in relation
to dead and alive trees per stand) in Douglas-fir stands affected by western spruce
budworm was 15.4% (SD = 4.8%) compared to 44.9% (SD = 28.2%) for lodgepole
pine stands affected by mountain pine beetle. Hence, the differences in disturbance
magnitude between mountain pine beetle and western spruce budworm disturbances
evident in in this study can be explained by the different impacts both insects have
on tree mortality.
Even though we found expected differences in disturbance magnitude, we also
observed an overlap between both insect agents (Fig. 2.5). Healthy trees present
in mixed stands, which dampen the disturbance signal, might cause low distur-
bance severities for mountain pine beetle (Skakun et al., 2003). High disturbance
severities for western spruce budworm might be the result of western spruce bud-
worm co-occurring with secondary bark beetle (Hummel and Agee 2003) or drought
(Flower et al., 2014). Hence, even though disturbance magnitude was of importance
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for distinguishing between bark beetle and defoliator disturbances, there is high vari-
ability, which complicates the mapping in heterogeneous landscapes where hosts of
both insects are present. In our study area, approximately 7% of the lodgepole pine
and Douglas-fir stands were comprised a mixture of both host species (i.e., either
lodgepole pine or Douglas-fir made up > 10% secondary species composition).
The disturbance metrics obtained from the TC components showed a more nu-
anced picture of the differences between both insect agents than the disturbance
metrics obtained from the NBR. The NBR only captured the overall differences in
tree mortality, whereas the changes in TC can be attributes to the different impacts
both insects have on the tree canopy. The changes in wetness associated with moun-
tain pine beetle can be attributed to the complete defoliation and thus change of
the tree canopy caused by mountain pine beetle, which is corroborated by several
other studies (Coops et al., 2009; Franklin et al., 2003; Hais et al., 2009; Skakun
et al., 2003; Wulder et al., 2006b). The three times higher changes in brightness
for mountain pine beetle disturbances can be attributed to higher bark, branch,
and soil reflectance in completely defoliated stands (Hais et al., 2009). As a con-
founding factor, stands experiencing change at the canopy level can also exhibit
stronger understory reflectance (Radeloff et al., 1999). In fact, Hais et al. (2009)
found that increasing understory reflectance can increase TC greenness during bark
beetle disturbance, which, however, was not the case in our study.
The higher changes in TC greenness associated with western spruce budworm
defoliation found in this study might be an indication of the ephemeral changes in
foliage, with low impacts on the overall canopy structure of a tree. This result is
in agreement with a western spruce budworm outbreak in Oregon (Franklin1995)
and with Gypsy Moth (Lymantria dispar Lin.) defoliation in northern Wisconsin
(Thayn, 2013). Both studies showed that TC greenness was more important for
predicting defoliation than wetness and brightness. A study of the jack pine bud-
worm in Wisconsin (Radeloff et al., 1999) moreover found that changes in green
needle fraction, obtained from spectral mixture analysis, had the highest correlation
to populations of jack pine budworm.
Disturbance duration
The disturbance duration also showed differences between mountain pine beetle
and western spruce budworm, with mountain pine beetle exhibiting mostly short-
duration disturbances and western spruce budwormmostly medium- to long-duration
disturbances. Mountain pine beetle infestations often follow a three-year scheme
(i.e., green-, red-, and grey-attack stage; Goodwin et al., 2008; Wulder et al., 2006b),
which is reflected in the high proportion of short-duration disturbances (two years or
less) for mountain pine beetle found in this study. For western spruce budworm, the
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majority of the disturbances were longer than two years, which reflects the common
feeding periods of two to five years in our study area (Shepherd, 1994), though we
also observed disturbances longer five years. Even though western spruce budworm
disturbances tended to be longer than mountain pine beetle disturbances, duration
observed in this study were still shorter than durations reported in a study from
Oregon (Meigs et al., 2011). They found more distinct differences in disturbance
duration between mountain pine beetle and western spruce budworm and chose a
threshold of six years to visually separate both insect agents. For our study, this
separation based solely on disturbance duration was not possible, suggesting that
a combination of severity and duration metrics achieves best results in separating
different insect agents.
Spectral recovery
The spectral recovery signals for western spruce budworm disturbances were gener-
ally longer than those for mountain pine beetle infestations. The recovery magni-
tudes for western spruce budworm disturbances were close the disturbance magni-
tudes, emphasizing the ephemeral nature of insect defoliation, with often complete
regeneration of foliage in the years following the disturbance (Campbell et al., 2006;
Cooke et al., 2007). However, understory vegetation also can contribute to the re-
covery signal by benefiting from the increased light availability in stand experiencing
defoliation (Lynch and Moorcroft, 2008). The spectrally faster recovery of lodge-
pole pine stands may be an indication of such understory tree and shrub vegetation,
which capitalizes on increased availability of water, sunlight, and nutrients in moun-
tain pine beetle affected stands. This interpretation is also supported by the rapid
changes in brightness following infestation, indicating that soil signals, which are
present immediately after infestation, are rapidly covered by understory tree and
shrub vegetation.
2.5.3 Transferability to other regions and uncertainties in
the analysis
While this study shows that spectral and temporal patterns of insect disturbances
are useful for distinguishing different insect agents, a review of the literature in-
dicates that such patterns can vary by region and outbreak, which means that
classification models and logics derived in our study may not be directly transfer-
able to another region. For example, the western spruce budworm outbreak in our
study was relatively short and mild, which is typical for this insect (Cooke et al.,
2007). However, western spruce budworm impacts can also be more severe if the
defoliation lasts over several years or co-occurs with secondary bark beetles. For
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example, Meigs et al. (2015) found that mountain pine beetle and western spruce
budworm generally had equal impacts on tree mortality, which is in contrast to our
findings. Differences might result from the relatively light impacts of the current
western spruce budworm outbreak compared to past outbreaks in British Columbia
(Axelson et al., 2015; Lynch and Moorcroft, 2008) and from differences in regional
climate, land use history, and management. For a more severe outbreak, the distur-
bance magnitudes of mountain pine beetle and western spruce budworm might be
less important for distinguishing both insect agents than the disturbance duration
(as in Meigs et al. (2011)).
The datasets used in this study have particular strength and weaknesses, intro-
ducing uncertainties that need to be considered while transferring methods derived
in this study to other regions. First of all, our initial disturbance classification is
based on photo-interpretation (i.e. interpretation of Landsat spectral trajectories,
image chips, and high-resolution data; Fig 2.3), which might be prone to errors.
Visually detecting high intensity disturbances such as harvest and fire is relatively
easy to achieve, given their significant impact on the Landsat spectral trajectory
(Fig 2.3). Photo-interpretation has thus been used frequently for labeling reference
pixels of such disturbances (Cohen et al., 2010; Kennedy et al., 2012). However,
visually detecting transient disturbances, i.e. as caused by light insect disturbances,
can be more challenging. We used additional auxiliary data to guide interpretation
of insect disturbances, which helped to separate true disturbances from spectral
change caused from natural variance in the source stack, i.e. atmospheric noise,
residual clouds, phenological differences, or spatial mis-registration.
A second source of uncertainty in the data arises from the AOS maps. Even
though the AOS maps are the most comprehensive database on insect disturbances
at the landscape level, they are not a precise spatial product. Spatial inaccuracy
of the AOS polygons can result from numerous causes, including off-nadir view-
ing, variations in lighting conditions, and interpreter experience and fatigue, among
others (Wulder et al., 2006a). For example, we identified stands where mountain
pine beetle was detected even though no host-trees were present according to the
VRI database. To account for this potential error in model training, we reduced
the selection of training pixels to those pixels where the AOS maps coincided with
the respective host tree (Franklin et al., 2003). For validating the model in pure
and mixed stands (Table 2.3), however, we did not apply this filtering step, al-
lowing for a more realistic representation of the landscape (i.e., by including pure
and mixed stands). The second validation sample might thus include labeling er-
rors resulting from the AOS dataset. Further research should consider alternative
training/validation approaches based on ground-surveys, though for large spatial
extents (as in the case of our study), those approaches can be very expensive and
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time-consuming (Cohen et al., 2010).
2.6 Conclusion
In this study we characterized bark beetle and defoliator disturbances in southern-
interior British Columbia, Canada, using a well-established Landsat-based time se-
ries segmentation approach. From our results, we conclude that Landsat can be
utilized to distinguish between bark beetle and defoliation disturbances in our study
region, using specific spectral-temporal features. In making the distinction between
agents of insect disturbance the magnitude of disturbance was found to be of high-
est importance. Bark beetle disturbances led primarily to changes in wetness and
brightness (i.e., changes in the tree structure such as complete needle loss). De-
foliation disturbances were of lower magnitude and linked to changes in greenness
(i.e., changes in the trees’ foliage). The resulting maps and estimates offer a com-
bined and detailed picture of the mountain pine beetle and western spruce budworm
outbreaks in our study region through quantifying both the temporal and spatial
dynamics. These otherwise unavailable spatially explicit and quality assured maps
can help inform science and management information needs as well as offering new
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Western spruce budworm is a native defoliator of coniferous forests of western North America.
Past research has shown that climate is a principal driver of budworm outbreaks, though the un-
derlying relationships are yet not fully understood. We utilized Landsat time series to investigate
the relationships between spatiotemporal patterns of budworm infestations and weather variabil-
ity. Landsat-based maps of budworm infestations from 1995 to 2013 were produced and used to
describe spatiotemporal patterns of the most recent outbreak in British Columbia. Superposed
epoch analysis and regression analysis were used to explore relationships between spatiotemporal
outbreak patterns and annual temperature and precipitation anomalies. We found that initiation
of outbreaks was preceded by autumn precipitation deficits that were 12% lower than the long-
term average and co-occurred with lower summer precipitation of up to 20% below the long-term
average. Spring temperatures shortly before outbreak initiation were by 0.7◦C lower than normal,
while winter temperatures during outbreaks were above average by 0.5◦C. We conclude that the
most recent outbreak of western spruce budworm in British Columbia co-occurred with distinct
weather pattern that might have supported budworm population development. Furthermore, our







Western spruce budworm (Choristoneura freemani Razowski = C. occidentalis Free-
man) is a native defoliator that feeds primarily on Douglas-fir (Pseudotsuga men-
ziesii (Mirb.) Franco) and true firs (Abies spp.) throughout western North America
(Nealis, 2008). Defoliation by the western spruce budworm is generally seen as an
ephemeral disturbance and important for maintaining ecosystem heterogeneity and
functioning (Hadley and Veblen, 1993; Cooke et al., 2007). Prolonged periods of de-
foliation, however, can lead to significant reductions in tree growth, crown dieback,
and tree mortality that also reduce timber quality and quantity (Alfaro et al., 1985,
1982). Large trees stressed by budworm defoliation also are susceptible to secondary
bark beetle infestations that typically kill their hosts (Alfaro et al., 1982; Shepherd,
1994; Campbell et al., 2006).
Localized western spruce budworm outbreaks tend to occur synchronously over
large geographic regions. The synchrony and dynamics of budworm outbreaks are
driven by multiple factors, including dispersal of adult moths (Anderson and Sturte-
vant, 2011; Cooke et al., 2007), synchrony in annual weather patterns over large
spatial scales (i.e., the Moran effect; Moran, 1953), and land use activities, such
as fire suppression and logging that have increased the extent of stands densely
stocked with budworm hosts homogenizing forest landscapes (Flower et al., 2014;
Swetnam and Lynch, 1993). While studies regarding the effects of land use on pat-
terns of western spruce budworm outbreak have produced similar results, the effects
of climate variability on outbreak dynamics remain inconclusive. Dendrochronol-
ogy studies in British Columbia have shown that outbreaks coincide with periods of
drought (Campbell et al., 2006; Thomson et al., 1984; Campbell et al., 2005). How-
ever, other tree-ring studies in New Mexico and Colorado showed that outbreaks
follow wetter than average years (Swetnam and Lynch, 1993; Ryerson et al., 2003).
These contradictory findings suggest regional differences in the effects of climate
on western spruce budworm outbreak dynamics. Further analyses, over a range of
temporal and spatial scales, are necessary to better understand how the dynam-
ics of budworm outbreaks are related to climate, particularly given the increasing
importance of global climate change.
Archival records indicate that several western spruce budworm outbreaks have
occurred in Douglas-fir forests of southern British Columbia. Tree-ring studies re-
port that western spruce budworm outbreaks of varying duration and intensity re-
curred about every 30 years over the last four centuries (Axelson et al., 2015; Alfaro
et al., 2014). Aerial overview survey maps indicate that the most recent outbreak
of western spruce budworm in British Columbia started in about 2000 and defoli-
ated a cumulative maximum area of 847,138 hectares in 2007 (Westfall and Ebata,
2012). Both sources of data on outbreak history, dendrochronological archives and
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aerial surveys, have limitations for assessing landscape- to regional-scale disturbance
dynamics (Bright et al., 2014; Meddens and Hicke, 2014; Meigs et al., 2015). The
spatial extent of dendrochronological data is typically limited and aerial survey data
are limited by spatial errors in mapping the area and cause of defoliation (Wulder
et al., 2009). Current research suggests that annual Landsat time series could be
utilized to map the spatiotemporal patterns of insect disturbances (Senf et al., 2015;
Meigs et al., 2011), thus delivering further insights and evidence at spatial and tem-
poral scales currently not covered by studies based on tree rings and aerial surveys.
By using Landsat time series, researchers and managers can for the first time as-
sess the landscape- to regional-scale drivers underlying insect outbreaks, such as the
effects of regional-scale weather variability on outbreak dynamics.
Our objective was to identify the precipitation and temperature patterns related
to western spruce budworm disturbance dynamics during its most recent outbreak
in British Columbia, Canada. We utilize a Landsat-based approach that allows for
an accurate representation of spatiotemporal outbreak patterns over larger spatial
extents than are practical to implement with dendrochronology field studies, and
with higher spatial precision than is achievable with aerial surveys. Thus, our study
extends past dendrochronological research and increases the ecological resolution of
research based on aerial surveys showing the effect of climate variability on historic
western spruce budworm outbreaks in this and other regions.
3.2 Data and methods
3.2.1 Study area
Our study area is located in south-central British Columbia, Canada, and delin-
eated by the Interior Douglas-fir (IDF) biogeoclimatic zone (Hope et al., 1991) plus
a 10 km buffer (Fig. 3.1). The southern part of the study area is characterized by
mountainous terrain, which flattens out towards the more northern regions. The
regional climate is characterized as relatively hot and dry, putting the IDF biogeo-
climatic zone among the driest areas in Canada (Hope et al., 1991). The mean
annual precipitation is 254.5 mm and the mean annual temperature is 7.8 C (data
from the weather station in Merritt, BC), with a July mean temperature of 18.8C
and a January mean temperature of -3◦C. Towards the northern part of the study
area (central interior), the precipitation increases to 307.6 mm, and the mean annual
temperature drops to 4.5◦C (data from the weather station in Williams Lake, BC),
also with lower July and January means, 16.0◦C and -6.7◦C, respectively2. More-
over, a temperature gradient occurs with elevation; valleys of the southern interior
2All values obtained from: https://climate.weather.gc.ca
54
Chapter 3













WA ID0 100 km
Figure 3.1: Location of the study area (red), which is delineated by a 10 km buffer
around the Interior Douglas-fir Forest (IDF) biogeoclimatic zone. The study area is
covered by approximately eight Landsat scenes.
Douglas-fir, which is most prone to western spruce budworm defoliation in British
Columbia (Senf2015, Maclauchlan, Brooks, and Hodge 2006), is the dominant species
of the IDF zone. Stands of nearly pure Douglas-fir occur between 900 and 1200m,
while mixed stands of Douglas-fir and ponderosa pine (Pinus ponderosa Douglas
ex C. Lawson) occur between 600 and 900 m, and mixed stands of Douglas-fir and
lodgepole pine (Pinus contorta Douglas) occur between 1200 and 1450 m.
3.2.2 Landsat-based map of western spruce budworm infes-
tations
We used maps depicting the annual probability of western spruce budworm infesta-
tion generated from a Landsat-based time series analyses in a previous study (Senf
et al., 2015). Those maps represent the most recent outbreak of western spruce bud-
worm in British Columbia (1995 – 2013). The mapping methods are described by
Senf et al. (2015), but we provide salient details here. In essence, the western spruce
budworm infestation probability maps are based on a set of spectral-temporal met-
rics derived from a time series segmentation algorithm (LandTrendr; Kennedy et al.,
2010) that captures spectral-temporal changes at the pixel scale. Those spectral-
temporal changes were used in conjunction with a classification model to separate
western spruce budworm infestation from more severe disturbances caused by har-
vest, fire, and bark beetle infestation. This present study utilized those probability
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maps to produce binary maps of localized western spruce budworm infestations
occurrences in our study area. To do so, we reclassified the continuous surface of
infestation probability into binary maps of western spruce budworm infestation pres-
ence and absence by choosing a probability threshold greater than 50%. To reduce
the chance of false positives (i.e., falsely attributing disturbance caused by Douglas-
fir tussock moth or Douglas-fir beetle to western spruce budworm), we followed the
approach suggested by Meigs et al. (2015) and overlaid the infestation patches with
aerial survey polygons of western spruce budworm defoliation. We thereby increased
the likelihood of correctly attributing western spruce budworm infestations to veg-
etation changes detected by the Landsat time series while avoiding false positives
generated by aerial survey mapping errors. To assess potential uncertainties in the
resulting maps, we compared the infestation initiation date recorded by Landsat to
the first year in which western spruce budworm was recorded in the aerial survey.
It is important to note that once Landsat can detect western spruce budworm in-
festation, continuous defoliation normally persists for several consecutive years. In
our study area, the average duration of an outbreak was approximately four years,
though long outbreak periods of up to 15 years also occurred (Senf et al., 2015).
3.2.3 Historical climate data
We used ClimateWNA v5.1 (Wang et al., 2012) to calculate seasonal precipitation
and temperature time series. To reduce the amount and redundancy of data in our
analysis, we calculated climate time series for 1,000 randomly sampled Landsat pixel
locations in areas disturbed by spruce budworm. Precipitation and temperature were
expressed as total seasonal precipitation (mm) and seasonal average temperature
(◦C), respectively. The seasons cover winter (Dec – Feb), spring (Mar – May),
summer (Jun – Aug), and autumn (Sep – Nov) precipitation and temperature. These
periods roughly correspond to important stages in budworm life history events,
with larvae emerging and establishing feeding sites in late April and May, larval
feeding through to adult emergence and egg-laying occurring during the summer, and
larval over-wintering from September through March of the following year (Nealis,
2008). We also calculated 30-year (1981 – 2010) normals of seasonal temperature
precipitation for each sampled pixel.
3.2.4 Superposed Epoch Analysis
We used Superposed Epoch Analysis (SEA) to explore the relationship between an-
nual precipitation and temperature anomalies and the year western spruce budworm
infestation was initiated according to our Landsat analysis. The principal idea of
SEA is to compose time series values (i.e., precipitation and temperature) in tempo-
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ral relation (i.e., years) to key events (i.e., infestation initiation). By composing the
values, that is, by calculating the arithmetic mean, random signals such as cyclic
events or noise not related to the key event should ideally average out, highlighting
the true signal related to the key events. SEA has been used to detect the effects of
volcanic eruptions on temperature time series (Gennaretti et al., 2014) as well as to
assess the effect of droughts on insect outbreaks reconstructed from dendrochrono-
logical time series (Flower et al., 2014). Our approach to SEA does not compose
weather variables of several outbreaks within one time series, but rather 1,000 time
series of localized infestations within one outbreak period (1995 – 2012) over our
entire study area. Hence, we rely on a space-for-time approach to detect spatial
patterns of infestation initiation related to spatial variation in s weather patterns
over the study area.
To perform the SEA, we ordered all seasonal climate time series on a 21-year
time window centered on the infestation initiation year recorded in the Landsat
analysis. Hence, for each season, we derived precipitation and temperature values
for ten years preceding infestation initiation, the initiation year, and for ten years
following infestation initiation. We then calculated the arithmetic mean from all
seasonal values within each year in relation to infestation initiation. This compos-
ited the temperature and precipitation values into mean anomalies for each of the
ten years prior to, and following, the initiation of a localized outbreak. For ease
of interpretation, we transposed the composited anomaly into absolute changes in
precipitation and temperature compared to long-term normals (1980 – 2010).
To evaluate the significance of the precipitation and temperature anomalies, we
applied a parametric bootstrap to calculate confidence intervals at the 99% level
for the composed values. To account for multiple comparisons, we further applied
a Bonferroni-correction to the confidence intervals. We regarded precipitation or
temperature anomalies as significant anomalies if the Bonferroni-corrected 99% con-
fidence intervals of the composed value did not overlap with zero.
3.2.5 Regression analysis
To identify the most influential precipitation and temperature variables on regional
western spruce budworm outbreak dynamics, we used regression analysis describing
relationships between annual infestation rates and seasonal precipitation and tem-
perature averages across all sampled pixels for each year (1995 – 2012; n = 18).
Annual infestation rates were calculated by dividing the total area infested in one
year (xt) by the total area infested in all years (IRt = xt/Σxt)). A similar ap-
proach was used to assess regional-scale climate drivers of bark beetle disturbances
in previous studies (Seidl et al., 2015; Raffa et al., 2008). For the model we used beta-
regression (Cribari-Neto and Zeileis, 2010) to account for the dependent data being
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bounded between zero and one. We relied on an information-theoretic approach
that depicts the likeliest models out of all possible model combinations based on
the lowest small sample size adjusted Akaike’s Information Criterion (AICc). We
accounted for temporal autocorrelation in the residuals by using a robust sandwich
estimator of the covariance matrix (Zeileis, 2006). All computations were performed
in the R Language and Environment for Statistical Computing, using the sandwich
(Zeileis, 2006), betareg (Cribari-Neto and Zeileis, 2010), and MuMIn (Barton, 2009)
packages.
3.3 Results
3.3.1 Spatiotemporal patterns of western spruce budworm
infestation in British Columbia
The Landsat analysis for the period 1995 to 2012 suggests that the western spruce
budworm outbreak in our study area started to build in between 1999 and 2000
and increased until 2003, rapidly dropped in 2004, and then declined between 2005
and 2010 (Fig. 3.2). Even though very few infestation were initiated following 2010,
defoliation caused by outbreaks in 2010 may persist after 2010.


































Figure 3.2: Temporal dynamics in western spruce budworm infestation during its
most recent outbreak in British Columbia, Canada, according to our Landsat anal-
ysis.
The maps of annual infestation initiation (Fig. 3.3) indicated that between 1999
and 2001 the outbreak started to build-up in three epicenters in the northern, cen-
tral, and southern part of the study area (Fig. 3.3 A, B, C). From those epicenters,
infestation expanded into surrounding forests in 2002 and 2003, though most infesta-
tions during this time were observed in the north parts of the study area. Following
the outbreak maximum in 2003, the outbreak expanded into higher elevation areas
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in the western part of the study area (coastal mountains) and infested large parts
of the southern and central Douglas-fir forests. From 2007 on, western spruce bud-
worm infestations were detected in the eastern part of the study area (Okanagan




















Figure 3.3: Western spruce budworm infestation mapped with Landsat time series
during its most recent outbreak in British Columbia, Canada. For better inter-
pretation we group years into quartiles. The zoom-in maps (A, B, and C) show




3.3.2 Seasonal weather anomalies related to infestation ini-
tiation
Superposed epoch analysis indicated western spruce budworm infestation initia-
tion occurred during years with significantly lower than average summer precipi-
tation and was preceded by significantly lower than average autumn precipitation
(Fig. 3.4a; Table S3.1). Summer precipitation during and following infestation initi-
ation was as much as to 26 mm (20%) lower than the long-term average and persisted
for eight years following outbreak initiation. Summer precipitation shortly before the
outbreak was not significantly different from the long-term normal, although signif-
icantly higher precipitation was found six to ten years prior to infestation initiation.
Five consecutive years of low autumn precipitation preceded infestation initiation,
with precipitation deficits of up to 17 mm (12%) below the average. No consistent
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Figure 3.4: Superposed Epoch Analysis results, showing mean seasonal deviation in
precipitation (a) and temperature (b) from the long-term mean for a 21-year window
centered on western spruce budworm infestation initiation. Confidence intervals are
at the 99% level (Bonferroni-corrected). Colors are scaled to the y-axis values.
Details are provided in the Supplementary Materials.
We also found significant associations between temperature variability and west-
ern spruce budworm infestation initiation (Fig. 3.4b; Table S3.2). Mean spring
temperatures in the year before infestation initiation were significantly colder than
normal (0.7 ◦C). Four consecutive years preceding outbreak initiation and three con-
secutive years following infestation initiation, winter temperatures were significantly
higher than the long-term average (0.3 – 0.6 ◦C). Autumn and summer temperatures
showed only slightly significant deviation in association with outbreak patterns. Au-
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tumn temperatures were higher before the infestation initiation (0.1 – 0.4 ◦C) and
summer temperatures were higher following infestation initiation (0.2 – 0.3 ◦C),
compared to the long-term averages. However, these effects were small compared to
spring and winter temperature anomalies.
3.3.3 Regression analysis
The best (△AICc < 4) regression models between annual western spruce budworm
infestation rates and seasonal precipitation and temperature averages indicated that
the most important predictors were autumn precipitation, winter temperature, sum-
mer temperature, and summer precipitation (Table 3.1). Autumn and summer pre-
cipitation were negatively correlated with infestation rates (Table 3.2). Winter tem-
peratures were positively correlated with infestation rates and summer temperatures
were negatively correlated with infestation rates (Table 3.2).
Table 3.1: The likeliest (△AICc < 4) regression models of western spruce budworm
infestation rate (IRt = xt/Σxt) obtained from all possible regression models.
Intercept Precipitation Temperature DF LL AICc △AICc wi Pseudo-R2
Autumn Summer Spring Winter Autumn Summer Spring Winter
Σwi = 0.76 Σwi = 0.15 Σwi = 0.1 Σwi = 0.06 Σwi = 0 Σwi = 0.21 Σwi = 0.03 Σwi = 0.26
-0.21 -0.02 3 35.81 -63.78 0 0.17 0.16
0.78 -0.02 -0.01 4 37.09 -62.84 0.94 0.1 0.24
0.87 -0.02 0.2 4 36.96 -62.58 1.2 0.09 0.25
6.53 -0.02 -0.41 0.27 5 38.93 -62.4 1.38 0.08 0.41
3.7 -0.01 -0.31 4 36.78 -62.23 1.55 0.08 0.26
-0.75 -0.02 0.01 4 36.6 -61.86 1.92 0.06 0.18
-0.75 -0.02 0.01 4 36.54 -61.74 2.03 0.06 0.24
3.21 -0.42 3 34.65 -61.45 2.33 0.05 0.25
1.71 -0.02 -0.01 0.2 5 38.45 -61.44 2.34 0.05 0.33
-2.77 2 33.03 -61.21 2.57 0.05 0
0.08 -0.02 0.01 0.24 5 38.22 -60.99 2.78 0.04 0.3
0.01 -0.02 -0.09 4 35.93 -60.53 3.25 0.03 0.17
Table 3.2: Average model coefficients obtained from the likeliest regression models
(△AICc < 4), estimated using robust sandwich estimator of the covariance matrix.
Estimate Standard error Lower 95% confidence interval Upper 95% confidence interval
Intercept 1.21 2.91 -4.5 6.92
Autumn precipitation -0.02 0.01 -0.03 -0.01
Winter precipitation 0.01 0.01 0 0.02
Spring precipitation 0.01 0.01 0 0.02
Summer precipitation -0.01 0.01 -0.02 0
Autumn temperature -0.05 0.22 -0.48 0.37
Winter temperature 0.23 0.14 -0.04 0.49
Spring temperature -0.14 0.19 -0.52 0.24
Summer temperature -0.37 0.23 -0.83 0.08
3.3.4 Uncertainty analysis
The median difference between infestation initiation detected by Landsat and defoli-
ation initiation detected in aerial surveys was minus one year (Fig. 3.5a), indicating
that Landsat time series detected budworm infestation on average one year later
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than aerial surveys detected defoliation. Variation around the median was relatively
small, with 50% of the differences between Landsat and the aerial survey being in
between zero and minus three years. The comparison of the temporal dynamics be-
tween the Landsat-based estimates and the aerial survey (Fig. 3.5b) showed that the
temporal patterns generally matched, though the aerial survey indicated a greater
area defoliated than Landsat, especially among aerial survey polygons assigned low
and medium outbreak severity classes. Also, aerial surveys identified a second peak









































Figure 3.5: Differences in the initiation date (a) and temporal dynamics (b) be-
tween Landsat based estimates of western spruce budworm infestation and defoli-
ation mapped by the aerial overview survey (AOS). For (a) the Landsat initiation
date was subtracted from the aerial overview survey initiation date. For (b) we
subdivided the aerial overview survey data by defoliation severity categories: low
= Some branch tip and upper crown defoliation, barely visible from airborne view;
medium = Thin foliage, top third of many trees severely defoliated, some completely
stripped, easily visible from the air; severe = Bare branch tips and completely de-
foliated tops, most trees sustaining more than 50% total defoliation, many trees
completely stripped.
3.4 Discussion
3.4.1 Using Landsat to estimate spatiotemporal patterns of
western spruce budworm infestation
Our study utilized Landsat-based maps of western spruce budworm infestations
to reconstruct the spatiotemporal patterns of the most recent outbreak in British
Columbia. The method applied in this study allowed us to cover a spatial extent
that would be impractical to cover with field data (i.e., dendrochronological time
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series). Also, using Landsat enhanced the resolution for analysis and interpretation
of ecological drivers of western spruce budworm disturbance dynamics. In particular,
we captured spatial variation in infestation occurrence within aerial survey polygons,
which greatly reduced the estimated extent of infestation at the regional-scale. While
we focused on regional-scale weather variability in this study, the spatially explicit
nature of the Landsat data also allows for the analysis of other stand- and landscape-
scale drivers of disturbance occurrence and dynamics (Coops et al., 2006a), which
would be impossible to assess with aerial survey data alone.
Our results confirm the usefulness of Landsat-based mapping of western spruce
infestation, although key uncertainties remain. Some areas mapped by Landsat as
western spruce budworm infestations could originate from other disturbance agents,
including other insect agents, diseases, and drought stress. We endeavored to reduce
such errors by intersecting the Landsat based maps and aerial survey maps, as
suggested by Meigs et al. (2015). However, attribution errors also exist in the
aerial survey polygons and they might be propagated into our maps. We assessed
uncertainties in our Landsat-based maps of western spruce budworm infestations
by comparing them directly to the aerial surveys. We found differences in the
total area mapped and in the initiation date of infestation. Previous research has
shown that aerial surveys tend to over-estimate the total area defoliated (Meigs
et al., 2015; Bright et al., 2014), especially when mapping areas with low levels of
defoliation. Aerial survey polygons represent broad areas with defoliation rather
than fine-scale defoliation impacts.As such, a single polygon in the aerial survey
might contain multiple small patches that experienced significant changes in foliage
and vegetation structure adjacent to larger un-infested or mildly defoliated patches
(see Fig. 3.3 for examples). The defoliation initiation date assigned in the aerial
survey might therefore indicate defoliation in the surrounding forest landscape, but
does not necessarily prove a notable change in foliage or vegetation structure at a
particular location inside the polygon at this point in time. Moreover, observers
conducting aerial surveys might record a change in foliage caused by western spruce
budworm at the very early stages of an infestation (i.e., trace defoliation of single
trees), earlier than Landsat can detect changes in the spectral response of one pixel.
The lag that we found between the Landsat-based and aerial survey estimates of
infestation initiation might result from these multiple uncertainties.
We found substantial differences in the area mapped as defoliated in the years
2006 and 2007 between Landsat and the aerial surveys. During this time, the study
area underwent a significant outbreak of mountain pine beetle, which also attacked
pine trees in Douglas-fir dominated forests (Meddens et al., 2012; Senf et al., 2015).
Thus, the increase in western spruce budworm defoliation in the aerial survey after
the initial peak in 2003 might be a result of confusion of insect agents in the aerial
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survey. Alternatively, stands infested by both, western spruce budworm and moun-
tain pine beetle, might have been attributed to mountain pine beetle in the Landsat
time series analysis. This confusion appears to happen quite frequently in stands
mixed of Douglas-fir and lodgepole pine (Senf et al., 2015). It is also possible that
the aerial overview survey detected a resurgence of the western spruce budworm
outbreak that could not be captured by Landsat; detecting multiple disturbances
within one Landsat time series is challenging with current methods and we might
have missed them in our analysis.
3.4.2 Weather variability associations with western spruce
budworm infestations
Landsat-derived temporal patterns of western spruce budworm infestations in British
Columbia varied significantly with seasonal weather and climate patterns.Infestations
were associated with summer and autumn precipitation and winter and spring tem-
perature anomalies. Most consistent were the prolonged autumn periods of lower
than average precipitation from the beginning of the outbreak to its maximum (2000
– 2003) and significantly lower than average summer precipitation co-occurring with
the outbreak maximum (2002/2003). Significantly lower than average autumn pre-
cipitation preceding an outbreak initiation is thought to promote budworm popu-
lation growth (Campbell et al., 2005, 2006; Flower et al., 2014). In particular, the
plant stress hypothesis (White, 1984) suggests that moderate drought stress leads
to a concentration of sugars, nutrients, and other chemical components in the fo-
liage, which enhances larvae survival, growth, and reproduction (Campbell, 1993;
Mattson and Haack, 1987). The pronounced period of lower than average autumn
precipitation might have caused such drought stress in the primary host of western
spruce budworm – Douglas-fir – which is sensitive to autumn precipitation deficits
(Chen et al., 2010; Campbell et al., 2006; Mildrexler et al., 2016). This interpre-
tation was supported by our regression analysis, where autumn precipitation alone
explained 16% of the variance in infestation rates during the current outbreak. The
outbreak build-up phase (2000 – 2003), where infestation rates sharply increased,
was associated with autumn precipitation around 100 mm (compared to a normal
of 144 mm), which corresponds to precipitation patterns associated with historic
western spruce budworm outbreaks in our study area (Campbell et al., 2006).
The significantly lower than average summer precipitation during and after in-
festation initiation may also be associated with drought stress in Douglas-fir (Watson
and Luckman, 2002), thus benefiting larval development as discussed above.Although
this finding is consistent with several previous studies reporting the coincidence west-
ern spruce budworm outbreaks with dry periods (Maclauchlan et al., 2006; Camp-
bell, 1993; Murdock et al., 2013; Maclauchlan and Brooks, 2009), the pronounced
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low summer precipitation during the maximum extent of the outbreak might also
support an alternate interpretation. A recent dendrochronological study by Flower
et al. (2014) found that wet periods followed by drought are beneficial for population
growth, mainly due to improved foliage quantity and quality during high budworm
population levels that prevent outbreak collapse due to starvation. Thus, while
drought can trigger budworm population growth, extended drought periods can im-
pair its further development. The extreme and extended summer drought present
in our data may have caused the current outbreak to collapse (i.e., the sharp drop
during 2004; Fig. 3.2) following the extreme dry summers of 2002 and 2003 (<80 mm
compared to a normal of 133 mm). This interpretation lends support to the plant
vigor hypothesis, which proposes that chronic host stress dampens herbivore popu-
lation growth. Such dampening of western spruce budworm outbreaks in response
to dry summers was also reported for outbreaks in the United States (Ryerson et al.,
2003; Swetnam and Lynch, 1993).
We found significantly colder than average spring temperatures before outbreak
initiation and significantly warmer than average winters during outbreaks. These
weather anomalies might have influenced the phenology of Douglas-fir bud burst
(Beedlow et al., 2013) and western spruce budworm development (Nealis and Reg-
niere, 2014), and thus the degree of host-herbivore synchrony. Colder than aver-
age springs preceding infestation initiation might have delayed budworm emergence
from hibernacula, improving insect-host synchrony and thus decreasing the risk of
larvae starvation. The warmer winter temperatures could have resulting in an early
Douglas-fir bud-burst. While our interpretations regarding temperature influences
on the occurrence of budworm outbreaks are consistent with the conclusions of sev-
eral other studies (Campbell et al., 2005; Swetnam and Lynch, 1993), the factors
determining the synchrony between Douglas-fir and larvae phenology are highly
complex and depend on many other factors not considered here (Nealis, 2012). An
alternate explanation for outbreaks being associated with significantly warmer than
average winters is increased over-wintering survival of budworm larvae. However,
since budworms establish a hibernacula for overwintering, they are relatively toler-
ant to extreme cold winter temperatures (Fellin and Schmidt, 1973).
3.4.3 Limitations and uncertainties
Our interpretations about the spatiotemporal patterns of spruce budworm outbreaks
come with three caveats. First, this study focuses on a single regional-scale outbreak
of western spruce budworm rather than a temporal series of multiple outbreaks like
those presented in dendrochronological studies, and to a lesser extent aerial survey
data. The relationships we found between climate and western spruce budworm
infestation patterns could be unique to the outbreak we studied. However, the ob-
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served relationships conform to the results of several dendrochronological studies
(Flower et al., 2014; Campbell et al., 2005, 2006), lending supporting to our con-
clusions about the influences of climate budworm outbreak dynamics . The second
caveat is that our analyses only considers climate variation as potential explana-
tory factors of the budworm outbreak patterns we observed. However, it is well
known that forest insect outbreaks are governed by multiple factors across several
scales, including land-use, climate, and predator-prey systems (Raffa et al., 2008).
Our study therefore largely focusses on one important factor out of multiple factors
influencing budworm outbreak dynamics. Finally, the infestation initiation dates
identified in our Landsat analysis mark a point where budworm populations have
already grown sufficiently large to result in a level of defoliation visible using Land-
sat imagery. It is therefore difficult to make causal interferences about underlying
population dynamics of western spruce budworm from our Landsat analysis. Consid-
ering these uncertainties, we suggest our results offer informative information about
western spruce budworm disturbance dynamics and an additional line of evidence
to support previous insights and expectations from studies based on field-based and
simulation modeling. Further research should incorporate datasets across several
scales, that is field data and remotely sensed data, to increase our understanding of
the complex ecological processes driving insect outbreaks.
3.5 Conclusion
Using Landsat-based annual western spruce budwormmaps and interpolated weather
data, we have shown that western spruce budworm infestations during the most re-
cent outbreak in British Columbia co-occurred with distinct weather patterns. Our
Landsat-based approach allowed for a detailed characterization of those patterns,
and while aerial surveys are a practical operational tool for rapidly assessing where
defoliation occurs, ecological understanding of outbreak dynamics benefits from the
spatially explicit view provided by medium spatial-resolution sensor such as Landsat.
In general, our results confirm the findings of previous dendrochronological stud-
ies that moisture stress is an important component in western spruce budworm
population growth in British Columbia, though our results also show that there are
seasonal variations in the precipitation and temperature patterns related to infesta-
tion initiation and that extended drought periods might hamper the development of
large-scale outbreaks. Considering potential changes in climate for British Columbia
(Hamann and Wang, 2006), we propose that western spruce budworm population
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Table S3.1: Results of the Superimposed Epoch Analysis for precipitation measured
in mm. The 99% confidence intervals are obtained from parametric bootstrap and
are Bonferroni-corrected. Asterisks indicate significant deviation from zero at p <
0.01.
Lag Autumn Summer Spring Winter
Mean 99% confidence interval Mean 99% confidence interval Mean 99% confidence interval Mean 99% confidence interval
Lower Upper Lower Upper Lower Upper Lower Upper
-10 5.41 -3.96 15.24 16.16* 11.25 20.98 -2.59 -5.98 1.07 -1.65 -6.11 3.3
-9 16.40* 8.28 26.1 5.24* 0.05 10.4 -2.67 -6.4 1.64 4.23 -1.35 9.69
-8 14.79* 7.45 22.29 17.15* 11.29 22.87 -0.76 -5.22 4.12 3.13 -2.16 8.76
-7 19.69* 10.84 27.12 -0.44 -5.48 5.6 6.18* 1.83 10.53 7.81* 3.12 13.47
-6 13.69* 6.49 21.28 8.50* 2.79 15.07 10.17* 5.23 15.06 11.40* 6.54 16.84
-5 6.84 -0.58 14.45 -3.96 -10.26 1.88 6.97* 2.06 10.98 2.99 -2.66 8.55
-4 -7.81* -14.82 -0.87 4.12 -1.24 10.45 2.78 -1.89 7.48 3.94 -1.87 9.13
-3 -16.29* -23.6 -9.86 2.15 -4.27 7.87 2.02 -2.24 6.57 -1.56 -6.18 2.88
-2 -14.63* -20.47 -8.16 2.36 -5.43 9.65 -0.6 -5.46 3.98 -5.91* -10.89 -1.49
-1 -16.60* -23.29 -11.21 -11.03* -18.36 -3.49 8.08* 3.51 12.91 -6.93* -12.06 -2.66
0 -8.79* -14.08 -3.29 -20.56* -25.94 -14.03 11.36* 6.04 15.78 -7.23* -11.43 -2.97
1 0.55 -5.46 6.87 -13.54* -19.33 -7.3 8.19* 3.07 13.09 -2.72 -7.31 2.09
2 -1.36 -6.41 3.84 -21.13* -26.08 -15.92 7.85* 3.69 12.33 2.65 -1.61 6.64
3 -2.97 -8.29 2.2 -18.32* -23.74 -12.33 -6.04* -10.21 -2.36 4.34* 0.41 8.35
4 -3.62 -9.36 2.11 -20.43* -24.14 -15.99 -4.01* -7.31 -0.52 6.33* 3.1 9.87
5 -9.98* -15.7 -5.04 -13.63* -18.97 -8.4 -7.95* -12.49 -3.66 7.14* 2.67 11.3
6 -6.69 -14.01 0.28 -20.48* -25.31 -15.81 -0.93 -5.29 4.4 7.81* 2.74 12.58
7 -10.69* -18.13 -4.27 -19.92* -24.28 -15.36 -2.62 -7.34 2.06 -2.01 -8.51 3.59
8 -16.77* -23.15 -10.33 -23.75* -27.34 -19.66 6.48* 1.83 11.08 0.88 -5.57 6.62
9 -25.19* -31.52 -18.63 -14.64* -19.28 -9.2 -0.58 -5.83 4.7 -8.82* -14.61 -3.2
10 -17.78* -26.04 -10.17 -11.37* -16.74 -6.81 7.16* 1.92 12.41 -10.56* -16.88 -4.01
Table S3.2: Results of the Superimposed Epoch Analysis for temperature measured
in ◦C. The 99% confidence intervals are obtained from parametric bootstrap and are
Bonferroni-corrected. Asterisks indicate significant deviation from zero at p < 0.01.
Lag Autumn Summer Spring Winter
Mean 99% confidence interval Mean 99% confidence interval Mean 99% confidence interval Mean 99% confidence interval
Lower Upper Lower Upper Lower Upper Lower Upper
-10 0.14* 0.04 0.24 -0.06 -0.17 0.06 0.60* 0.47 0.73 -0.41* -0.81 -0.03
-9 0.04 -0.09 0.16 0.04 -0.06 0.16 0.65* 0.5 0.79 -0.01 -0.35 0.35
-8 0.08 -0.04 0.19 -0.1 -0.21 0 0.34* 0.19 0.46 -0.39* -0.67 -0.12
-7 -0.16 -0.34 0 -0.04 -0.14 0.06 -0.13 -0.28 0.04 -0.36* -0.6 -0.13
-6 0.15 0 0.31 0.01 -0.08 0.11 -0.21* -0.34 -0.09 -0.04 -0.29 0.19
-5 0.29* 0.12 0.44 0.23* 0.11 0.37 -0.05 -0.19 0.11 0.32* 0.08 0.57
-4 0.41* 0.3 0.53 -0.03 -0.15 0.09 -0.07 -0.22 0.06 0.65* 0.41 0.86
-3 0.33* 0.23 0.44 -0.02 -0.14 0.12 -0.14 -0.29 0 0.66* 0.5 0.83
-2 0.23* 0.14 0.32 -0.09 -0.21 0.03 -0.31* -0.47 -0.15 0.65* 0.47 0.83
-1 0.10* 0.03 0.17 0.04 -0.07 0.16 -0.67* -0.89 -0.49 0.54* 0.38 0.69
0 0.11* 0.03 0.19 0.28* 0.17 0.4 -0.44* -0.64 -0.26 0.63* 0.44 0.8
1 0.05 -0.01 0.1 0.44* 0.33 0.56 -0.11 -0.29 0.06 0.67* 0.5 0.82
2 0.03 -0.03 0.08 0.24* 0.12 0.35 0.14 -0.04 0.33 0.57* 0.38 0.74
3 -0.04 -0.11 0.03 0.21* 0.1 0.33 0.1 -0.04 0.25 0.60* 0.4 0.79
4 0.02 -0.05 0.09 0.07 -0.03 0.18 -0.15* -0.3 -0.01 0.31* 0.09 0.52
5 0.14* 0.07 0.22 -0.07 -0.17 0.04 -0.47* -0.6 -0.35 -0.13 -0.38 0.1
6 0.23* 0.15 0.3 0.04 -0.06 0.15 -0.82* -0.96 -0.68 -0.77* -0.99 -0.5
7 0.19* 0.11 0.27 -0.09 -0.2 0 -0.58* -0.73 -0.43 -0.65* -0.85 -0.46
8 0.21* 0.14 0.28 -0.14 -0.28 0 -0.80* -0.94 -0.63 -0.86* -1.07 -0.68
9 0.06 -0.01 0.14 -0.06 -0.19 0.08 -0.54* -0.67 -0.4 -0.29* -0.48 -0.12
10 0.30* 0.22 0.39 0.16* 0.01 0.32 -0.50* -0.66 -0.36 -0.20* -0.39 -0.03
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Forest insect outbreaks are influenced by ecological processes operating at multiple spatial scales,
including host-insect interactions within stands and across landscapes that are modified by regional-
scale variations in climate. These drivers of outbreak dynamics are not well understood for the
western spruce budworm (Choristoneura freemani Razowski = Choristoneura occidentalis Free-
man), a defoliator that causes widespread damage in forests of western North America. Our aim
was to assess how processes across multiple spatial scales drive western spruce budworm outbreak
dynamics. Our objective was to assess the relative importance and influence of a set of factors
covering the stand, landscape, and regional scales for explaining spatiotemporal western spruce
budworm outbreak patterns in British Columbia, Canada. We used generalized linear mixed effect
models within a multi-model interference framework to relate annual budworm outbreak initiation
mapped from Landsat time series (1996 – 2012) to sets of stand-, landscape-, and regional-scale
factors derived from forest inventory data, GIS analyses, and climate models. Spatiotemporal out-
break patterns of western spruce budworm were well explained by our model (R2 = 92%). Most
important predictors were the proximity to infestations in the previous year, landscape-scale host
abundance, and dry autumn conditions. Stand characteristics were overall less important, though
infestations were more likely in vertically complex, pure Douglas-fir stands with lower site index
and higher crown closure. Our findings add to growing empirical evidence that insect outbreak dy-
namics are driven by multi-scaled processes. Managers should thus consider landscape and regional






Defoliation by insects is a natural phenomenon that occurs in forest ecosystems
around the globe. Species from the genus Choristoneura ssp. are the most impor-
tant native forest defoliators in North America (Nealis, 2008; Volney and Fleming,
2007). While native defoliators are an integral part of forest ecosystems and impor-
tant for maintaining ecosystem functioning and heterogeneity (Turner, 2010), past
outbreaks of the eastern spruce budworm (C. fumiferana Clemens), jack pine bud-
worm (C. pinus pinus Freeman), western spruce budworm (C. freemani Razowski
= C. occidentalis Freeman), and 2-year-cycle spruce budworm (C. biennis Free.)
have caused widespread defoliation in coniferous forests of North America. Historic
records indicate that outbreaks have increased in duration, intensity, and spatial
extent (Flower et al., 2014; Swetnam and Lynch, 1993), raising concerns about the
future role of susceptible forests for provision of important ecosystem services such
as carbon sequestration (Dymond et al., 2010; Kurz et al., 2008a) and timber supply
(Alfaro et al., 1982; Gray and MacKinnon, 2006). To better predict and manage the
impact of future defoliator outbreaks, an improved understanding of their underlying
ecological processes is required.
Several studies have identified common stand factors influencing the dynamics of
western spruce budworm outbreaks: stand species composition, stand structure, and
site quality, among others (Alfaro et al., 2001; Hadley and Veblen, 1993; Heppner and
Turner, 2006; Nealis and Regniere, 2014; Nealis et al., 2009). Those studies, building
on earlier recommendations (Carlson and Wulf, 1989), led to the development of
management strategies to reduce stand susceptibility to future outbreaks, such as
changing the species composition or structure by thinning or similar silvicultural
actions (MacLean et al., 2001). However, as research on eastern spruce budworm
(Campbell et al., 2008; Cappuccino et al., 1998) and other forest insect species
(Bouchard and Auger, 2013; Foster et al., 2013b; Simard et al., 2012) indicates,
stand characteristics alone cannot fully explain observed spatiotemporal patterns
of budworm outbreaks. This suggests that dynamics of insect outbreaks are also
driven by processes that extend well beyond the stand scale (Raffa et al., 2008).
Not accounting for larger-scale processes hampers predictive models of budworm
dynamics and management strategies to mitigate the impacts of future outbreaks.
Landscape- to regional-scale variations in climate and forest composition/structure
are important drivers of insect outbreak dynamics. Regional weather variability, in
particular moisture deficits, governs budworm population dynamics through syn-
chronizing budworm and host phenology and through determining the quantity and
quality of food (Nealis, 2012). Weather variability can thus trigger and synchronize
the eruption of localized outbreaks (Flower et al., 2014). During outbreak build-up,
higher budworm abundance leads to increased dispersal (Anderson and Sturtevant,
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2011) and thus to the expansion of distinct and randomly distributed infestation
patches to more continuous, landscape-scale patterns (Bouchard and Auger, 2013;
Sturtevant et al., 2004; Turner and Gardner, 2015). However, even within regional-
scale homogenous climate, not all susceptible forests experience the same level of
defoliation, suggesting that some factors at the landscape scale facilitate or dampen
the expansion of budworm outbreaks. Several studies provide empirical evidence
that outbreak severity is not only affected by stand-scale characteristics but also
by the composition and configuration of host populations in the surrounding land-
scape (Bouchard and Auger, 2013; Campbell et al., 2008; Radeloff et al., 2000). In
particular, landscape-scale host abundance and configuration is thought to influ-
ence adult moth dispersal and predator-prey interactions. Thus, while stand-scale
characteristics can explain variation in localized infestations patterns during periods
of low budworm densities, it is the interaction of regional-scale weather variability
and landscape structure that likely determines infestation patterns during outbreaks
(Sturtevant et al., 2015). To improve our understanding – and capacity to predict
– the spatiotemporal patterns of budworm outbreaks, we therefore need to consider
processes and interactions across multiple scales, including the stand, landscape,
and regional scale.
Understanding the multi-scaled processes underlying insect outbreaks requires
an explicit view at the spatial and temporal outbreak patterns over large geographic
extents, yet little data sources exist that track the dynamics of forest insects at
a spatial and temporal resolution suitable for conducting landscape-scale analyses.
Previous studies either used aerial overview survey maps (Bouchard and Auger,
2013), which have known limitations in terms of spatial accuracy (Wulder et al.,
2006a); or maps created from aerial photo interpretation (Seidl et al., 2015), which
often only cover small geographic extents (Wulder et al., 2004). Remote sensing,
in particular the Landsat series of satellites, have the potential to fill this data gap
(Kennedy et al., 2014). Recent advances in the Landsat time series based mapping
of bark beetles and defoliator disturbances have allowed to map the spatiotemporal
dynamics of insect infestation at am ecological valuable spatial (30 m) and temporal
(annual) resolution (Meigs et al., 2015; Senf et al., 2015; Townsend et al., 2012), thus
allowing for the development of spatially and temporally explicit models of outbreak
dynamics (Foster et al., 2013b).
Our aim was to assess how ecological processes at multiple spatial scales drive
budworm outbreak dynamics. We focused on the western spruce budworm, which is
an important native defoliator of coniferous forests in western North American.
Western spruce budworm primarily feeds on Douglas-fir (Pseudotsuga menziesii
(Mirb.) Franco) and true fir (Abies spp.) and has recently been affecting large
parts of the western United States and Canada (Hicke et al., 2012). Despite its eco-
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nomic and ecological importance for forests of western North America, the drivers of
western spruce budworm outbreak dynamics are yet largely unknown. Using annual
(1996 – 2012) Landsat-based maps covering the recent outbreak of western spruce
budworm in British Columbia, Canada, our objective was to assess the relative
importance and functional relationship of a set of factors hypothesized to influ-
ence western spruce budworm outbreak dynamics at stand, landscape, and regional
scales. We hypothesized that – in addition to stand factors – the probability of west-
ern spruce budworm outbreaks was driven by adult moth dispersal, spatiotemporal
variability in the abundance and configuration of hosts in landscapes, by regional
variability in climate, and by the interactions among these factors.
4.2 Data and methods
4.2.1 Study area
Our study area is located in British Columbia, Canada. It is delineated by the Inte-
rior Douglas-fir (IDF) biogeoclimatic zone (Hope et al., 1991) plus a 10 km buffer,
which was added to mitigate possible edge effects in our analysis (Fig. 4.1). The
study area, which is amongst the driest bioclimatic regions of Canada, is dominated
by nearly homogeneous stands of Douglas-fir between 900 and 1,200 m, mixed stands
of Douglas-fir and ponderosa pine (Pinus ponderosa Douglas ex C. Lawson) between
600 and 900 m, and mixed stands of Douglas-fir and lodgepole pine (Pinus contorta
Douglas) between 1,200 and 1,450 m above sea-level. Forests at higher elevations
and further north in the study area are dominated by lodgepole pine, which is not a
budworm host. The study area has experienced widespread defoliation by western
spruce budworm in recent decades (Maclauchlan et al., 2006) and infestation by
mountain pine beetle (Wulder et al., 2009). British Columbia forest health reports
indicate that western spruce budworm has defoliated more than one million hectares
of forest since 19991.
4.2.2 Response variable and sampling design
In a previous study, Senf et al. (2015) identified and attributed annual changes
in the spectral signal of Landsat pixels (30 by 30 m) to western spruce budworm
infestation. Based on this information, the response variable used for subsequent
analyses – annual spruce budworm outbreak initiation in a given Landsat pixel –






Figure 4.1: Map of infestation occurrences (a) for the study area location in British
Columbia, Canada (b). For better interpretability years of outbreak initiation were
grouped in quintiles. Forest land indicates all land potentially covered by forest
according to the Vegetation Resource Inventory, whereas forest represents actual
forest cover in 1996 as mapped from Landsat. The inset (c) shows sampling location
example with the three radial buffer sizes (1,000, 2,000, 5,000 m) used for calculating
landscape indices (host abundance and host edge density).
(i.e., Landsat pixels) used, and thus the computational resources needed for data
analyses, we applied a case-cohort sampling design. A case-cohort sampling design
is efficient for rare events (as in our case where outbreaks pixels only represented
0.4% of all pixels) that allows for un-biased parameter estimation with minimum
prior correction (King and Zeng, 2001). We first randomly sampled 10,000 pixels
from the whole study area and for each year and then, in a second step, randomly
dropped absence samples in order to arrive at 1,000 samples per year. The total
sample size thus consisted of 17,000 Landsat pixels (1,000 per year for 17 years,
Table 4.1).
Table 4.1: Annual distribution of samples with western spruce budworm initiation.
Year 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
No outbreak 999 997 993 998 976 909 871 808 943 943 972 951 975 968 999 997 1000
Outbreak 1 3 7 2 24 91 129 192 57 57 28 49 25 32 1 3 0
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4.2.3 Potential predictors of western spruce budworm infes-
tation
We assembled 13 predictor variables hypothesized to influence the initiation of spruce
budworm outbreaks at the stand, landscape, and regional scale (Table 4.2).
Stand-scale predictors
Stand characteristics were obtained from British Columbia’s Vegetation Resource
Inventory (VRI) database, which is a polygon-based inventory database populated
and updated by photo-interpretation and field measurements (Leckie and Gillis,
1995). We focused on six stand characteristics known to influence budworm habitat
(Alfaro et al., 1985; Nealis et al., 2009; Shepherd, 1994): age (years), crown closure
(percent of forest floor covered by forest canopy), host abundance (density of hosts as
a percentage of total tree density), tree density (number of living stems per ha), site
index (a metric of forest productivity measured as tree height at a given reference
age) as measure of site productivity, and vertical complexity of the tree canopy
(ordinal measure from 1 [very uniform] to 5 [very non-uniform]). The polygon-
based inventory database was rasterized to a 30 by 30 m grid to match the spatial
resolution of the Landsat-based map. Finally, we used a digital elevation model for
estimating height and slope at each sampling location.
Landscape-scale predictors
We developed three predictors that describe the spatial distribution of host stands
and budworm populations at landscape scale. First, we calculated the abundance
and edge density of host tree patches within 1,000, 2,000, and 5,000 m radial buffers
centered on each sampled Landsat pixel to characterize the spatial composition and
configuration of host forests within the surrounding landscape (Fig. 4.1c). The buffer
sizes were chosen based on a study of another Choristoneura species (Radeloff et al.,
2000), because little is known about western spruce budworm dispersal distances
(Flower et al., 2014). Second, we calculated the Euclidian distance between each
sampled pixel and the nearest western spruce budworm outbreak in the previous
year, assuming proximity to an infestation in the previous year increases the risk of
outbreak occurrence from dispersing adult moths (Anderson and Sturtevant, 2011).
Regional-scale predictors
We acquired climate data from ClimateWNA (Wang et al., 2012), which generates
climate time series for given locations using a down-scaled version of regional-scale
PRISM climate model (Daly et al., 2002). We generated seasonal values of aver-
age temperature and total precipitation for our study region for each year of our
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Table 4.2: Predictors used in the model. The predictors are grouped among ob-
servation scale (stand, landscape, and regional scale). A brief description of the
hypothesized relationship with western spruce budworm outbreak initiation proba-
bility is given.
Scale Variable Hypothesized influence on outbreak initiation probability
Hypothesis Source
Stand Host abundance [%]
Higher availability of food and reduced
losses during budworm dispersal
Swetnam and Lynch 2003;
Nealis and Regniere 2009
Age [years] Older trees have higher crown exposure. Alfaro2001
Crown closure [%]
Higher crown closure decreases budworm
dispersal losses.
Nealis and Regniere 2009
Density [stems per ha]
Closer stand density decreases budworm
dispersal losses.
Swetnam and Lynch 2003;
Nealis and Regniere 2009
Site index [m]
Higher site index indicates stands less
susceptible to heavy defoliation.
Alfaro et al. 2001
Vertical complexity
Higher vertical complexity indicates stands
more susceptible to heavy defoliation.
Shepherd 1994
Elevation [m]
Higher elevation areas might experience less
moisture stress.
Slope [degree]
Steeper slopes might experience less
moisture stress.
Landscape
Host abundance [%] in 1,000,
2,000, and 5,000 m buffer (see
Fig. 4.1c)
Higher landscape-scale host abundance
eases insect dispersal.
Radeloff et al. 2000;
Campbell et al. 2008
Host edge density [%] in 1,000,
2,000, and 5,000 m buffer (see
Fig. 4.1c)
Higher edge density eases insect dispersal.
Higher edge density might increase risk of
budworm predation and disease.
Radeloff et al. 2000
Distance to infestation in the
previous year [m]
Stands closer to infestation in the previous
year are at higher risk of adult moth
dispersal.
Anderson and Sturtevant
2011; Bouchard and Auger
2013
Regional Autumn precipitation [mm]
Lower autumn precipitation increases host
water stress and thus supports larvae
development.
Flower et al. 2014;
Mildrexler et al. 2016
Spring temperature [◦C]
Higher spring temperatures improve larvae
survival through increased synchrony with
host.
Swetnam and Lynch 1993
study period. From these data, we extracted two variables that have an important
influence on western spruce budworm outbreak dynamics: autumn precipitation
and spring temperature. Autumn precipitation affects Douglas-fir growth and vigor
(Chen et al., 2010; Mildrexler et al., 2016) and thus western spruce budworm popula-
tion development (Flower et al., 2014). Because prolonged periods of moisture stress
are typically thought to trigger budworm outbreaks, we calculated a three-year run-
ning mean of total autumn precipitation preceding each year of our study period.
Spring temperatures influence the phenological synchrony of western spruce bud-
worm egg hatch and the annual flush of Douglas-fir foliage on which newly emerged
larvae feed (Nealis, 2012).
4.2.4 Statistical analysis
We used hierarchical generalized linear mixed models (GLMM) with a logit link
function to explain the annual probability of western spruce budworm outbreak
initiation at the pixel level (Bolker et al., 2009). Using hierarchical GLMM allowed
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us to integrate fixed effects measured at varying spatial scales while simultaneously
accounting for annual differences in western spruce budworm infestation probability
not explained by our model. A model that does not consider the multi-level structure
of the data might not detect minor effects and bias inferences made based on the
model. The model used in this study is defined as:
P (yi = 1) = logit
−1(Xi ∗ β + αj) (4.1)
with P (yi = 1) indicating the probability of initiation at pixel i, Xi is a matrix
containing the stand- and landscape-scale predictors at each pixel, the vector β
contains the fixed effects at the stand-and landscape-scale, and αj is the intercept
varying among years j. The varying intercept is modeled by a normal distribution:
αj = N(γ0 + Uj ∗ γ, σ2) (4.2)
with γ0 representing the baseline probability of occurrence, Uj is a matrix of regional-
scale predictors available for each year j, the vector γ contains the regional-scale
fixed effects, and σ2 is the annual variability in infestation probability not explained
by the regional predictors.
We first fit a full model with all predictors shown in Table 4.2 as fixed effects.
However, host abundance and host edge density were highly correlated among the
three nested buffer sizes (Pearson r > 0.7 and variance inflation factor > 5 for the
1,000 and 2,000 buffers), and host abundance within the 1,000 and 2,000 m buffer
correlated moderately with host abundance at the stand scale (Pearson r > 0.55).
To reduce multicollinearity in our model, we dropped host abundance and edge
density measured within the 1,000 and 2,000 m buffers and only included both
variables measured within the 5,000 m buffer. That way, we reduced the variance
inflation factor to < 5, indicating low multicollinearity among predictors, while two
variables characterizing host abundance and configuration in 5 km around each pixel
and one variable characterizing host abundance at a smaller spatial scale (within a
stand) were included in the model. We tested for intra-scale interactions between
stand host abundance and other stand-scale predictors (controlling for structural
differences among host and non-host stands); for intra-scale interactions between
landscape scale host abundance and edge density and distance to infestation in the
previous year; and for cross-scale interactions between the distance to infestation
in the previous year and regional-scale weather variables. We finally centered and
scaled all predictors to zero mean and a standard deviation of one to improve model
convergence and interpretability of the estimated parameters and interactions.
To identify the models with the greatest likelihood from all possible predic-
tor combinations, we followed a multi-model inference framework (Burnham et al.,
2010). The performance of each model was assessed based on the marginal R2 (R2m,
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variance explained by the fixed effects; Nakagawa et al., 2013), the conditional R2
(R2c , variance explained by both the fixed and random effects; Nakagawa et al., 2013),
the Akaikes information criterion corrected for small sample sizes (AICc; Grueber
et al., 2011), and the corresponding Akaike weights (wAICc), which assigns a rel-
ative strength of evidence to each competing model (Link and Barker, 2006). This
information-theoretic framework is better suited to conducting statistical inference
than classical methods, because it does not rely on arbitrary thresholds such as
P < 0.05. Using the likeliest set of models (△AICc < 2), we used model averaging
to calculate average estimates and confidence intervals for each predictor. To ad-
dress a potential bias in our estimates due to spatial and temporal auto-correlation
in the residuals, we used robust sandwich estimators of the variance-covariance ma-
trix (Zeileis, 2006). The relative influence of each predictor was assessed based on
the summed Akaike weights (
∑
wAICc). All statistical analyses were performed
in the R Language and Environment for Statistical Computing using the sandwich
(Zeileis, 2006), lme4 (Bates et al., 2014), and MuMIn (Barton, 2009) packages.
4.3 Results
We identified nine models with similar AICc (△AICc < 2) and very good explana-
tory power of 92% for the marginalR2and 94% for the conditional R2 (Table 4.3).
Thus, the random effect from annual variation in the intercept term explained only
2% of the observed variance in spatiotemporal outbreak patterns. The intercept of
-7.91 indicated a very low baseline outbreak initiation probability of < 0.01 at mean
values of all predictors (after correction for the sampling design), with small annual
variation (σ2 = 1.13).
We identified several important predictors of budworm outbreak dynamics (Ta-
ble 4.3). Distance to infestation in the previous year, host abundance at the stand-
and landscape-scale, crown closure, site index, vertical complexity, autumn precip-
itation, and slope were included in all candidate models with △AICc < 2. Stand
density and elevation had lower but still good support from the candidate models
(
∑
wAICc ∼ 0.8). Spring temperature, age, and edge density had lowest support
from the candidate models (
∑
wAICc < 0.2). There was strong evidence for cross-
scale interactions between autumn precipitation and distance to infestation in the
previous year. Moreover, there was strong evidence for intra-scale interactions be-
tween landscape-scale host abundance and distance to infestation in the previous
year, as well as for intra-scale interactions between stand-scale host abundance and
crown closure, site index, and vertical complexity.
At the stand scale, host abundance was positively associated with outbreak initi-
ation probability (Table 4.3; note that we here report changes in outbreak initiation
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Table 4.3: Likeliest (△AICc < 2) GLMM models explaining western spruce bud-
worm outbreak initiation probability.
Model
Predictor 1 2 3 4 5 6 7 8 9
∑
wAICc Average (95% CI)
Intercept -7.91 -7.92 -7.92 -7.91 -7.91 -7.91 -7.91 -7.91 -7.92 -7.91 (-8.76 to -7.06)
Age 0.04 0.07 0.19 0.05 (-0.05 to 0.16)
Distance to infestation in
previous year
-5.73 -5.76 -5.73 -5.69 -5.72 -5.72 -5.72 -5.74 -5.75 1 -5.73 (-6.65 to -4.81)
Crown closure 0.14 0.14 0.13 0.14 0.14 0.14 0.13 0.11 0.11 1 0.13 (0.02 to 0.25)
Density -0.23 -0.25 -0.19 -0.24 -0.27 -0.23 -0.24 0.83 -0.24 (-0.54 to 0.06)
Elevation -0.1 -0.11 -0.1 -0.1 -0.1 -0.1 -0.11 -0.12 0.87 -0.11 (-0.22 to 0.01)
Host abundance (5000 m) 1.44 1.46 1.45 1.44 1.44 1.44 1.44 1.45 1.46 1 1.45 (1.03 to 1.87)
Edge density (5000 m) 0.04 0.11 0.04 (-0.06 to 0.14)
Host abundance (stand) 0.55 0.56 0.54 0.55 0.55 0.55 0.55 0.56 0.54 1 0.55 (0.42 to 0.68)
Autumn precipitation -0.04 -0.03 -0.04 -0.04 -0.04 -0.07 -0.04 -0.04 -0.04 1 -0.04 (-0.72 to 0.64)
Site index 0.09 0.11 0.09 0.08 0.09 0.09 0.09 0.08 0.08 1 0.09 (-0.05 to 0.23)
Slope -0.15 -0.15 -0.15 -0.15 -0.15 -0.15 -0.15 -0.15 -0.15 1 -0.15 (-0.25 to -0.05)
Spring temperature 0.13 0.09 0.13 (-0.41 to 0.66)
Vertical complexity -0.32 -0.32 -0.32 -0.32 -0.32 -0.32 -0.32 -0.31 -0.31 1
Age × host abundance (stand) 0
Distance to infestation in
previous year × host abundance
(5000 m)
1.65 1.66 1.65 1.63 1.64 1.65 1.64 1.66 1.66 1 1.65 (1.1 to 2.19)
Distance to infestation in
previous year × edge density
(5000 m)
0
Distance to infestation in
previous year × autumn
precipitation
1.02 1.04 1.03 1.02 1.02 1.02 1.03 1.02 1.03 1 1.03 (0.37 to 1.68)
Distance to infestation in
previous year × spring
temperature
0
Crown closure × host abundance
(stand)
0.03 0.09 0.03 (-0.09 to 0.14)
Density × host abundance
(stand)
0.1 0.1 0.1 (-0.19 to 0.39)
Site Index × host abundance
(stand)
-0.25 -0.25 -0.25 -0.25 -0.26 -0.25 -0.26 -0.24 -0.24 1 -0.25 (-0.38 to -0.12)
Vertical complexity × host
abundance (stand)
0.28 0.28 0.29 0.29 0.29 0.28 0.28 0.28 0.28 1 0.28 (0.15 to 0.42)
Random variation in the
intercept (σ2)
1.13 1.13 1.13 1.13 1.13 1.12 1.13 1.13 1.13
Degrees of freedom 16 15 17 17 17 17 17 15 16
Log-likelihood -1866 -1867 -1865 -1865 -1866 -1866 -1866 -1868 -1867
AICc 3764 3765 3765 3765 3765 3765 3765 3765 3766
△AICc 0 1 1.38 1.38 1.54 1.78 1.81 1.85 1.97
wAICc 0.21 0.13 0.11 0.11 0.1 0.09 0.09 0.09 0.08
R2m 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92 0.92
R2c 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94 0.94
probability obtained by: P (initiation) = (exp(β) + 1) ∗ 100; where appropriate, we
scaled the change in outbreak probability to reasonable values). In particular, with
an increase in host abundance by 50%, the probability of outbreak initiation in-
creased by 73% (52% to 97%). Moreover, outbreak initiation probability decreased
for host stands as site index increased (Fig. 4.2a) but increased as host stands be-
came vertically more complex (Fig.4.2b), and crown closure increased (Fig. 4.2c).
However, those effects were largely dependent on stand-scale host abundance and
showed weaker or even inverse relationships if Douglas-fir was not the dominant
tree species within the stand. Finally, outbreak initiation probability decreased by
-14% (-5% to -22%) with increasing slope and by -10% (1% to -22%) with increasing
elevation.




























































Figure 4.2: Varying effects of stand characteristics on outbreak initiation probability
depending on host species abundance at the stand scale. Please note that the
distance to infestation in the previous year was fixed at 5 km instead at its mean
value for better interpretability.
to budworm infestation in the previous year and for landscape-scale host abundance
(Table 4.3). Proximity to budworm infestation in the previous year was associated
with a substantially higher probability of outbreak initiation. With one kilometer
increase in distance, the probability of outbreak initiation dropped by 28% (24% to
32%). Interestingly, the distribution of distances to infestations in the previous year
changed substantially throughout the outbreak cycle (Fig. 4.3). Before (< 1999)
and after (> 2007) the outbreak, the distributions were nearly uniform. During
the outbreak period (1999 to 2007), however, more than 90% of all newly initiated
patches were within 5 km proximity to infestations in the previous year. Hence,
while infestations seemed to occur independent from existing outbreak centers within
the landscape before and after the outbreak, there was a clear pattern of spread
observable during the outbreak (see also Fig. 4.1). According to our study, the
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Figure 4.3: Distributions of distance to infestation in the previous year for varying
periods of the study area. The periods are grouped into pre-outbreak (1996-1998),
outbreak build-up (1999-2001), outbreak (2002-2004), outbreak decline (2005-2007),
and post-outbreak (2008-2011) conditions.
A higher abundance of Douglas-fir patches in the surrounding landscape led
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to higher probability of outbreak initiation, though the effect was dependent on
the distance to infestations in the previous year (Fig. 4.4a). For example, while
landscape-scale host abundance had little effect on outbreak initiation probability
when the closest infestation was more than 15 km away, the effect increased with
proximity to infestations in the previous year. However, at very close proximity
to an infestation in the previous year (< 500 m), the effect of landscape-scale host
abundance diminished and outbreak initiation probability was high, regardless of
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Figure 4.4: Varying effects of autumn precipitation and landscape scale host abun-
dance on outbreak initiation probability depending on the distance to infestation in
the previous year.
Considering the regional-scale predictors, outbreak initiation probability was de-
creased if preceded by years with higher than average autumn precipitation, but only
if the distance to budworm infestations in the previous year was low (Fig. 4.4b). For
pixels in close proximity to budworm infestations in the previous year (< 5 km),
outbreak initiation probability increased significantly when average autumn precip-
itation was below 500 mm in preceding years.
4.4 Discussion
Using annual Landsat-based maps of the most recent outbreak in British Columbia,
Canada, we tested the hypothesis that spatiotemporal patterns of western spruce
budworm outbreaks are driven by multi-scale processes, that is, by ecological inter-
actions among budworm, its host, their physical environment at stand, landscape,
and regional scales. Our results support this hypothesis, adding to the growing
empirical evidence that insect outbreak dynamics are driven by ecological processes
occurring across multiple scales (Raffa et al., 2008; Seidl et al., 2015; Turner and
Gardner, 2015). In particular, we showed that the probability of outbreak initiation
was mainly driven by host abundance at the landscape scale, by stand structure and
species composition, and by regional-scale precipitation patterns. In addition, we
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found that those processes interacted within and across scales to determine proba-
bility of outbreak initiation.
Stand species composition had the most important influence on outbreak proba-
bility at the stand scale, with stands having a high percentage of Douglas-fir having
a higher probability of outbreak initiation. This finding aligns well with previous
studies of western spruce budworm (Maclauchlan et al., 2006; Swetnam and Lynch,
1993) and similar budworm species (Alfaro et al., 2001). Stands with high propor-
tions of Douglas-fir can sustain larger populations of western spruce budworm due
to higher availability of food, and dispersal losses are reduced with decreasing pro-
portion of non-host species (Brookes et al., 1987, 1985). The effects of other stand
characteristics (i.e., site index, tree density, crown closure) were not as strong; but
higher outbreak probabilities tended to be associated with a lower site index, higher
vertical complexity, and higher crown closure. Dense and vertically complex stands
tend to have low losses during larvae and moth dispersal and can thus sustain larger
budworm populations (Nealis et al., 2009; Swetnam and Lynch, 1993). Trees on high
quality sites might accumulate high levels of secondary metabolites used for tree de-
fense against budworm herbivore (Alfaro et al., 2001), resulting in lower probability
of outbreak initiation. The reasons why stand-scale characteristics were generally
weak predictors of outbreak probability compared to landscape- and regional-scale
factors may be related to the geographic scale of the analysis (Sturtevant et al.,
2015). For example, while stand characteristics might explain differences in out-
break probability among stands with similar environmental conditions, those effects
are likely overridden by larger-scale processes. Similar effects were described for the
mountain pine beetle, where once stand-scale thresholds are passed, outbreak dy-
namics are mostly governed by processes at the landscape and regional scale (Raffa
et al., 2008).
We found that the distance to infestations in the previous year was the most
important factor determining the initiation of western spruce budworm outbreak at
a given location. Our model suggests that spatiotemporal outbreak patterns are
mainly driven by adult moth dispersal, which leads to the colonization and infes-
tation of new habitat and to the eruption and synchronization of local population
dynamics. This finding well aligns with several studies of eastern spruce budworm
and gypsy moth across North America (Bouchard and Auger, 2013; Foster et al.,
2013b). By integrating two factors describing the composition and configuration of
host patches within a 5 km radial buffer centered on each pixel location, and their in-
teractions with budworm dispersal (i.e., distance to infestation in the previous year),
we tested the hypothesis that dispersal of adult moth is only possible if habitat is
available in the surrounding landscape, that is within average dispersal distance.
We found that a higher abundance of Douglas-fir within the landscape increased
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outbreak probability and thus of successful dispersal of adult moths from distant
populations (> 500 m). Hence, it is the combined effect of adult moth dispersal and
landscape-scale host availability that shaped the landscape-scale outbreak patterns
observed in our study.
Regional weather variability, especially regional precipitation patterns, also had
important effects on the probability of budworm outbreak initiation, but we found
that the effect was strongly dependent on distance to infestation in the previous
year. As shown by previous research, water stress in host trees is an important
driver of regional-scale western spruce budworm outbreaks (Flower et al., 2014),
supporting our findings of increased outbreak initiation probability following years
of low autumn precipitation. Autumn precipitation was also shown to be a good
indicator of water stress in Douglas-fir in other regions (Mildrexler et al., 2016),
highlighting the importance of regional scale moisture variability for the eruption
and spread of localized budworm populations throughout its native range. Contrary
to our expectations, spring temperature was not an important predictor of budworm
outbreak initiation probability. This might be explained by the fact that budworm
and host phenology are highly variable across the landscape and depend on many
factors not considered in this study (Nealis and Regniere, 2014). Finally, elevation
and slope, which were both important stand scale predictors in our model, might
further explain local variation in precipitation and moisture availability. Precipita-
tion generally increases with increasing elevation and highest precipitation values
are found on the steep slopes of the coastal mountain range at the western fringe of
the study area. Lower elevation sites with more moderate slopes might thus have
higher risk of local water deficits supporting budworm population development.
4.5 Implications and conclusion
Our findings have several implications for understanding, management, and model-
ing of budworm disturbances. First, our study highlights that there are important
drivers beyond stand-scale characteristics that need to be evaluated when developing
management strategies to mitigate the impacts of future budworm outbreaks. In par-
ticular, our study suggests that reducing western spruce budworm habitat quantity
and quality within the landscape might prevent the development of regional-scale
outbreaks. Reducing habitat quantity and quality could be achieved by develop-
ing management strategies that mimic natural disturbances (Long, 2009) and by
increasing the landscape heterogeneity in terms of tree species composition, among
other characteristics (Robert et al., 2012). Second, our study suggests that climate
is an important driver of western spruce budworm outbreak development. Given
this, climate change will likely alter the duration, intensity, and spatial extent of
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future outbreaks (Murdock et al., 2013). While our study does not project how
climate change might affect future budworm outbreaks, forest managers should be
mindful of the uncertainties associated with climate change in long-term planning
(Millar et al., 2007). Third, our study adds important information to a process-
based understanding of budworm outbreaks, and could further enhance the devel-
opment of mechanistic models (e.g., LANDIS; Sturtevant et al., 2004) simulating
the landscape-scale progression of outbreaks. In particular, our study suggests that
mechanistic models should incorporate processes across multiple scales to improve
predictions of western spruce budworm outbreak dynamics under varying manage-
ment and climate scenarios (Seidl et al., 2011; Sturtevant et al., 2015). Finally,
our study demonstrates the usefulness of Landsat-based time series for assessing
landscape- to regional-scale drivers of insect outbreaks. Many factors found impor-
tant in our study would be difficult to tackle without the spatially and temporally
explicit view offered by long-term landscape-scale observations based on globally
available satellite data. Landsat allows for analyzing insect outbreaks over larger
extents than would be possible with field data alone, and with higher ecological








5.1 Summary and main conclusions
The overarching goal of this dissertation was to improve our understanding of the
patterns and processes of insect disturbances in the coniferous forests of western
North America. To achieve this goal, I employed a Landsat time series based ap-
proach that allowed for mapping and quantifying spatiotemporal patterns of de-
foliator outbreaks. In particular, I mapped the spatiotemporal patterns of west-
ern spruce budworm infestation in the Interior Douglas-fir Forest zone of British
Columbia, Canada. Doing so required developing a novel approach that allowed
for distinguishing between the disturbances caused by western spruce budworm and
other disturbance agents, such as harvest, fire, and bark beetle infestation. This
Landsat based approach was presented in Chapter II and Chapter III. Using the
spatially and temporally explicit information on western spruce budworm distur-
bances obtained from Chapter II and III, I used a multi-level modeling approach to
identify the key processes underlying budworm outbreaks across several magnitudes
of scales. A regional modeling approach was outlined in Chapter III, whereas a
landscape scale approach was presented in Chapter IV. Insights from the three core
research chapters were used to answer the two research questions of this dissertation.
Research Question I: How can Landsat remote sensing be used to map and quan-
tify insect defoliator outbreaks?
While mapping harvest and fire disturbances from Landsat is increasingly considered
operational, mapping insect disturbances using Landsat time series is still challeng-
ing due to the often transient spectral changes caused by insect infestation (Coops
et al., 2006a). This holds especially true for defoliators, which, in contrast to bark
beetles, do not necessarily lead to tree mortality, but mainly change the foliage and
upper canopy structure of a forest stand. It was hypothesized that those substan-
tial biological differences between defoliator and bark beetle disturbances, as well
as between insect and more severe disturbances, such as those caused by harvest
and fire, would lead to distinct spectral-temporal signals. Indeed, the results of
Chapter II showed that insect disturbances were not only distinguishable from more
severe disturbances of harvest and fire, but also showed significant differences in the
spectral-temporal characteristics between bark beetle and defoliator disturbances.
The specific spectral and temporal features of each insect agent could be linked to
biological characteristics of the individual agents, which greatly improved our un-
derstanding of disturbance characteristics related to bark beetles and defoliators in
British Columbia. In particular, the results reinforced the ecological understanding
that defoliators cause ephemeral disturbances from which trees can recovery, whereas
bark beetles cause widespread tree mortality. I found that bark beetle disturbances
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are of shorter duration, but higher magnitude. Those disturbance characteristics
were explained by high tree mortality following bark beetle attack. Defoliator dis-
turbances, in turn, are slightly longer in duration and less severe, which was ex-
plained by lower mortality rates, but ongoing chlorosis of tree crowns. Moreover,
spectral recovery following bark beetle and defoliator disturbances showed distinct
differences, which could be linked to processes described in past plot-based studies.
Those results allowed for empirical and objective comparison to other regions with
similar disturbance regime (Meigs et al., 2011), which can help understanding the
role and importance of single insect agents for the whole disturbance regime (Hicke
et al., 2012).
The technique employed in Chapter II not only allowed me to characterize dis-
turbances of varying agents, but also provided more refined spatial and temporal
information on disturbance outbreaks. In particular, the spectral-temporal differ-
ences between both insects allowed for discrimination between bark beetle and defo-
liator disturbances using classification models, and finally for the mapping of annual
occurrences of each disturbance agent. I reduced the chance of false positives by
intersecting those occurrence maps with official aerial overview survey maps. This
approach is rather conservative, keeping in mind that even low false positive error
rates can induce extreme bias in estimating underling process parameters (Royle and
Link, 2006). In general, the mapped spatiotemporal outbreak patterns were found
to be reasonable and well-aligned with prior knowledge obtained from other sources,
such as the official aerial survey maps. Nonetheless, the Landsat-based analysis in-
creased the spatial and temporal resolution for ecological analysis, meaning that the
Landsat maps showed distinct spatial patterns of outbreak development that were
not identifiable within the aerial survey maps, or spatially coarser satellite products
(e.g., De Beurs and Townsend, 2008; Eklundh et al., 2009). In particular, using
Landsat reduced the overall extent of infested areas and thus the amount of false
positives, as reported from earlier research (De Beurs and Townsend, 2008; Meigs
et al., 2015; Wulder et al., 2006a). As such, using Landsat time series allowed for
conducting a landscape to regional scale analyses at a spatial (30 m) and temporal
(annual) resolution that is of interest for many ecological and biological questions,
such as the processes underlying insect outbreaks. Without the use of Landsat
data, it would be unpractical or even impossible to collect historic information on
insect disturbances over such large extents, and at such a fine spatial and temporal
resolution (Cohen et al., 2016; McDowell et al., 2015).
Based on the results summarized above, two general conclusions can be drawn
with respect to Research Question I: (1) Landsat time series allow for an agent-level
assessment of insect disturbances that goes beyond grouping defoliator and bark
beetle disturbances into one disturbance category. (2) Using Landsat (or spatially
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and temporally similar sensor) time series allows for the assessment of landscape to
regional scale patterns of defoliator disturbances that would be unidentifiable with
alternative data sources, such as aerial survey maps, dendrochronological data, or
MODIS.
Research Question II: What are the spatiotemporal patterns and processes of
outbreaks of western spruce budworm in the coniferous forests of western North
America?
We utilized the techniques and maps developed in Chapter II and III for estimat-
ing and mapping the spatiotemporal outbreak patterns of western spruce budworm
infestation in the southern interior of British Columbia, Canada. Our analysis re-
vealed that the outbreak started in three well-defined epicenters in 1999 and showed
distinct patterns of eruption, spread, and collapse at the landscape and regional
scale. Several predictors of those spatiotemporal dynamics could be identified that
aligned with the hypothesized processes outlined in Section 4.2.3. The scheme pre-
sented in Fig. 5.1 was updated from Fig. 1.1 based on the results of Chapter III and
IV in order to represent the drivers and processes underlying the current western
spruce budworm outbreaks in British Columbia. The updated scheme shows that
while precipitation and stand-scale availability/quality of hosts were the main driver
of localized population eruptions, it was the landscape scale connectivity of hosts
that allowed for the spread of localized eruptions to larger, continuous infestation
patches. This process was thought to be driven by adult budworm dispersal, which
was empirically quantified in this thesis to be about 1.3 km on average. The synchro-
nized eruption of several localized populations resulted in a regional scale outbreak,
with observable infestations occurring throughout the complete range of Douglas-fir
in British Columbia. By testing the interactions between varying factors, this thesis
also reinforced the theory that processes underlying insect outbreaks are interre-
lated within and across scales. This is the first study that empirically quantifies
these processes and interactions for the western spruce budworm (to the Authors
knowledge). As such, this dissertation adds to a growing body of literature high-
lighting the importance of multi-scale processes for understanding patterns of forest
insect disturbances (Raffa et al., 2008; Seidl et al., 2011, 2015; Sturtevant et al.,
2015).
While this dissertation made use of a case study located in the most northern
habitat of western spruce budworm, the results also allow for some degree of gen-
eralization across the budworms native range. The importance of landscape scale
host abundance and climate was also evident in earlier dendrochronological studies
from more southern ecoregions (Flower et al., 2014; Ryerson et al., 2003; Swetnam
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Figure 5.1: Updated scheme of the multi-scale drivers and processes controlling the
dynamics of western spruce budworm outbreaks in British Columbia.
and Lynch, 1993). However, while the effects from landscape scale host abundance
showed similar patterns among studies, the effects from climate varied among ecore-
gions. Hence, it is important to note that while climate is an important factor in
the development of budworm outbreaks, the effects might vary depending on other
more complex processes not considered in this dissertation (James et al., 2015).
Based on the results summarized above, three general conclusions can be drawn
with respect to Research Question II: (1) Defoliator disturbances in coniferous forests
of western North America are driven by multi-scale processes that go beyond the
reach of stand scale management. (2) Those disturbance processes are interrelated
within and across scales, adding significantly to their complexity. (3) For the western
spruce budworm, landscape-scale host availability and weather variability seem to
be particularly important.
5.2 Management implications
The conclusion that defoliator disturbances in the coniferous forests of western North
America are driven by multi-scale processes has important implications for forest and
landscape management. In particular, it underlines the need for developing adequate
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management strategies depending on the stage of outbreak (Fig. 5.2). Management
actions will be effectively only if they are applied congruent with the appropriate out-
break stage and thus affect factors that control the progression to the next outbreak
stage (Raffa et al., 2008). For example, reproduction and aggregation of budworm
populations is regularly monitored using egg-count samples, and spraying programs
are initiated accordingly (Heppner and Turner, 2006). However, spraying might be
ineffective once the landscape scale outbreak stage has been reached. Indeed, there
is empirical evidence that spraying had little effect during landscape-scale outbreaks
of gypsy moth, where the spatial dynamics of the outbreak were mainly driven by
moth dispersal (Foster et al., 2013b). Equally, silvicultural actions such as thinning
might be an efficient control of localized populations during low density phases, but
might be overridden or even inverted by larger scale processes during landscape
to regional scale outbreaks (Bauce and Fuentealba, 2013). Once outbreak levels
have reached the landscape scale, there are, to date, no known management actions
that can stop the eruptions. Outbreaks thus appear to continue until all available
hosts are depleted or until weather conditions reduce population levels substantially
(Flower et al., 2014).
To encounter future landscape to regional scale outbreaks, forest management
must move towards developing strategies based on the biology of the insect, and the
principals of the disturbance regime at hand. This includes a deeper understanding
of the long-term adaptations of forest resources – from stand to landscape scale.
Higher-level land-management policies in general, with particular attention paid to
site selection and rotation, can reduce the risk of future landscape and regional
scale outbreaks (Klapwijk et al., 2016; Long, 2009; Philip et al., 2015). As is evident
in this dissertation, the current regional-scale outbreak of western spruce budworm
might not have been possible without the widespread availability and connectivity of
suitable habitat throughout the budworm’s climatic range. More specifically, past
land-management practices, namely fire suppression that promoted a high abun-
dance of dense and mature Douglas-fir stands, likely have amplified the development
of regional-scale outbreaks as observed in this dissertation (Parker et al., 2006). Al-
lowing for a more ’natural’ development of the forest resource, that is by mimicking
or allowing for natural disturbances such as fire and insect outbreaks, could signifi-
cantly reduce the risk of regional-scale disturbance events (James et al., 2010; Meigs
et al., 2016). Hence, instead of suppressing natural disturbances, sustainable forest
management should include disturbances as an important component in their short-
and long-term management (Millar and Stephenson, 2015; O’Hara and Ramage,
2013).
Finally, there is emerging need for understanding future development of budworm
outbreaks under climate change (Weed et al., 2013). Climate change will confront
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Figure 5.2: Management options for western spruce budworm outbreaks depending
on the outbreak stage. Each management action is only effective if applied before
the outbreak passes the next threshold.
managers with several problems in developing long-term management strategies.
First, climate change might lead to an increase in extent, frequency, and magnitude
of budworm disturbances (Murdock et al., 2013), which has substantial effects on
long-term timber supply (MacLean et al., 2001). Second, management that aims
at developing sustainable forest resources (i.e., balancing timber supply and habitat
provision) are often based on historic information on ’natural’ forests, such as be-
fore Euro-American settlement in North America (Radeloff et al., 1999). However,
those historic baseline conditions might be unsuitable management goals under cli-
mate change (Millar et al., 2007). In particular, the results of this thesis reinforce
that the effect of climate on budworm outbreak dynamics are highly variable across
ecosystems, suggesting that with climate change the response of local insect pop-
ulations might be unpredictable (Millar and Stephenson, 2015). Third, although
there exists a variety of models that estimate potential changes in outbreak dynam-
ics under climate change, those models can rarely predict the future with a level
of accuracy and precision needed for developing management strategies (Boulanger
et al., 2016). With these uncertainties in mind, managers must move towards de-
veloping strategies that increase the general ecosystems resilience to unpredictable




Several interesting aspects beyond the scope of this dissertation evolved during the
course of the thesis. First, mapping of insect disturbances could be enhanced by
translating the spectral-temporal changes caused by insects into units more ap-
plicable to forest management. For example, by building on earlier results from
Pflugmacher et al. (2012), two recent studies by Bright et al. (2014) and Meigs
et al. (2015) show that LandTrendr disturbance metrics can be translated into tree
mortality, measured as dead tree basal area over very large, heterogeneous areas.
However, my results show that while defoliation impacts tree growth and vigor, it
might not result in substantial tree mortality. Therefore, dead tree basal area might
not be the best measure of defoliation intensity. For broadleaved forests, defoliation
intensity has been estimated as percent canopy loss (Townsend et al., 2012), which
might be more complicated to estimate for coniferous trees. Nonetheless, a very
recent study by Assal et al. (2016) explores the potential of Landsat time series for
estimating canopy changes (as measured from hemispherical photographs) caused
by defoliation and other trace disturbances in coniferous forests. Thus, a potential
improvement of the methods applied in this dissertation would be to link Land-
sat spectral-temporal trajectories of insect defoliation to quantitative, field-based
measures of foliage loss or similar measures of canopy changes to better quantify
disturbance intensity. That way, models making use of Landsat as a response vari-
able (as in the case of this dissertation) and models making use of Landsat as input
(e.g., carbon models; Pflugmacher et al., 2014) would be substantially improved
(Schroeder et al., 2014).
Second, further developing the methods applied in this dissertation might also
enhance the development of predictors used in estimating the drivers underlying
insect outbreaks. For example, studies of gypsy moth outbreak patterns have shown
the potential for using MODIS-derived phenological measures as a proxy for habitat
quality of early instar larvae (Foster et al., 2013b,a). While MODIS has several
restrictions in terms of spatial resolution, a similar approach might be developed
using dense time series of Landsat and similar sensors, in particular Sentinel-2,
as it has similar spectral and spatial characteristics (Wulder et al., 2015). With
a dense, intra-annual time series, it might be possible to estimate the difference in
larvae development and host bud burst, which was discussed as a potential important
factor for the development of regional-scale outbreaks in Chapter III and IV, though
this was too challenging to tackle here, as exact phenological information was not
available.
Third, this dissertation has given a better understanding of how to discriminate
between insect agents. Building on this, the intra-annual processes related to insect
disturbances might further help to better differentiate between insect agents (Olsson
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et al., 2016a,b). This could be developed by making use of denser, intra-annual
medium-resolution satellite time series, that is by combining Landsat with Sentinel-
2 data. Those dense intra-annual time series will likely further enhance the mapping
and analysis of insect outbreaks at the landscape to regional scale.
Finally, the increased understanding of budworm outbreak dynamics gained in
this dissertation will also allow for the development of improved process-based, de-
terministic models of insect outbreaks. Process-based models – in contrast to purely
statistical models as used in this dissertation – allow for predictions under novel en-
vironmental conditions, such as global climate change and/or varying management
strategies (Seidl et al., 2011). Those process-based models could be substantially
improved by including knowledge generated from quantitative studies such as this
dissertation, on the one hand, and by remote sensing products that directly describe
the structure and characteristics of insect and host populations, on the other. That
way, process-based models that are developed and calibrated using remote sensing
data could provide more refined and accurate long-term management recommenda-
tions in order to ensure more resilient forest systems.
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